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Abstract: Summary This doctoral thesis revolves around understanding protein-protein interfaces as
found in protein crystal structures solved via X-ray crystallography. Protein structures are known in
atomic detail thanks to X-ray diffraction experiments performed nowadays mostly at synchrotron ra-
diation sources. In these experiments, proteins are however not in their native solution environment.
Instead, they are first crystallized so that they can strongly diffract the incoming X-ray beams and pro-
duce measurable diffraction patterns. In the formation of the crystal an essential piece of information
disappears: the interfaces that different polypeptide chains form among them in the solution environment
are lost when the protein arranges into a crystal lattice. The diffraction data offers the detailed position
of the atoms in the protein fold – the Tertiary Structure – but does not tell explicitly about the arrange-
ment of the chains together into a Quaternary Structure. The crystal lattice thus contains two kinds of
contacts among polypeptide chains: non-specific ones, consequence of the formation of the crystal lattice
and specific ones that are biologically relevant. We aim mainly at computationally distinguishing these
two kinds of protein interfaces. The key difference between the two types is that biological interfaces
have been subjected to the forces of evolution. Here, the abundant data coming from DNA sequencing
technologies provides the required evolutionary background information that can be connected to the
structural data. By combining the patterns of evolution seen in Multiple Sequence Alignments and the
protein’s 3-dimensional coordinates we try to detect the footprint of evolution on protein interfaces in
order to differentiate them from crystal lattice contacts. We show how we developed such a method
and demonstrate that it is very effective at classifying biological interfaces from crystal contacts. Thus
the method contributes greatly to the interpretation of protein crystal structures indicating the correct
biological unit assembly that the proteins possess in their native environment. The classification method
was initially developed with soluble proteins in mind. In a second part of the study, however, we also
proved its applicability to the interfaces found in crystals of membrane protein structures. A necessary
step in this analysis was to compile a validated set of transmembrane protein-protein interfaces from the
known set of membrane structures deposited in the Protein Data Bank. Such a dataset constitutes the
first comprehensive compilation of validated transmembrane protein interfaces. Through it we have tried
to establish the principles of how interfaces assemble in the transmembrane region and how they com-
pare to those of soluble proteins. We thus established the applicability of the newly developed method,
called EPPIC, in both the soluble protein and the membrane protein worlds. We finally offer a robust
implementation of the method in a stand-alone software package and in a web graphical user interface,
making it available to the wide structural biology and bioinformatics communities. Zusammenfassung
Diese Arbeit befasst sich mit der Analyse von Protein-Protein-Kontaktoberflächen, wie sie bei der Pro-
teinstrukturermittlung mittels Röntgenkristallographie auftreten. Die räumliche Struktur von Proteinen
kann durch Röntgenbeugungsexperimente ermittelt werden. Dabei liegen die Proteine nicht wie in der
biologischen Umgebung in gelöster Form vor, sondern werden zunächst kristallisiert, so dass die auftr-
effenden Röntgenstrahlen stark gebeugt werden, und zu messbaren Beugungsmustern führen. Bei der
Kristallbildung geht die Information verloren, welche spezifischen Kontakte die Proteine in der gelösten
Umgebung bilden. Die Messdaten erlauben die Bestimmung der räumlichen Anordnung des gefalteten
Proteins (die Tertiärstruktur) innerhalb der Kristallanordnung, nicht aber die Komplexbildung in der
biologischen Umgebung (Quarternärstruktur). Anhand der Messdaten lässt sich also nicht unterschei-
den zwischen Kontakten, die nur im Kristall auftreten und solchen, die in der biologischen Umgebung
relevant sind. Das Ziel dieser Arbeit ist, die Unterscheidung dieser beiden Arten von Kontakten mit
Hilfe von computergestützten Methoden. Die Unterscheidung basiert auf der Tatsache, dass biologis-
che Kontakte im Gegensatz zu kristallinen Kontakten evolutionärer Selektion unterworfen sind. Die
moderne DNS-Sequenziertechnologie liefert eine große Menge an Daten über evolutionäre Prozesse in
Biomolekülen. Durch die Kombination dieser Daten in der Form von multiplen Sequenzalignments mit
den Proteinstrukturdaten detektieren wir die evolutionären Einflüsse auf die Kontaktoberflächen, um sie
dadurch von den reinen Kristallkontakten zu unterscheiden. Wir beschreiben die Methode im Detail und
demonstrieren, dass sie effektiv zwischen biologischen und Kristallkontakten unterscheidet. Damit leis-
tet die Methode einen wichtigen Beitrag zur Interpretation von Proteinkristallstrukturen und ermöglicht
Rückschlüsse auf die biologische Anordnung von Proteinen in ihrer natürlichen Zellumgebung. Die Meth-
ode wurde zunächst für lösliche Proteine entwickelt. In einem zweiten Teil zeigen wir, wie sie sich auch
auf membrangebundene Proteine anwenden lässt. Dazu war zunächst die Zusammenstellung eines veri-
fizierten Datensatzes von transmembranen Protein-Protein-Kontakten notwendig. Dies ist zugleich der
erste umfangreiche und öffentliche Datensatz von verifizierten Transmembrankontakten. Anhand dieser
Daten zeigen wir Prinzipien der Komplexbildung in der Membranumgebung und wie sich diese von derer
in löslicher Umgebung unterscheiden. Unsere Methode, genannt EPPIC, ist damit sowohl für lösliche als
auch für Membranproteine anwendbar. Schließlich zeigen wir eine robuste Software- Implementierung
der Methode sowohl als eigenständiges Programm als auch als web-basierter Online-Service, der somit
der weltweiten Forschungsgemeinde zur Nutzung zur Verfügung steht.
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Summary 
This doctoral thesis revolves around understanding protein-protein interfaces as 
found in protein crystal structures solved via X-ray crystallography. Protein 
structures are known in atomic detail thanks to X-ray diffraction experiments 
performed nowadays mostly at synchrotron radiation sources. In these experiments, 
proteins are however not in their native solution environment. Instead, they are first 
crystallized so that they can strongly diffract the incoming X-ray beams and produce 
measurable diffraction patterns. 
In the formation of the crystal an essential piece of information disappears: the 
interfaces that different polypeptide chains form among them in the solution 
environment are lost when the protein arranges into a crystal lattice. The diffraction 
data offers the detailed position of the atoms in the protein fold – the Tertiary 
Structure – but does not tell explicitly about the arrangement of the chains together 
into a Quaternary Structure. The crystal lattice thus contains two kinds of contacts 
among polypeptide chains: non-specific ones, consequence of the formation of the 
crystal lattice and specific ones that are biologically relevant. 
We aim mainly at computationally distinguishing these two kinds of protein 
interfaces. The key difference between the two types is that biological interfaces have 
been subjected to the forces of evolution. Here, the abundant data coming from DNA 
sequencing technologies provides the required evolutionary background 
information that can be connected to the structural data. By combining the patterns 
of evolution seen in Multiple Sequence Alignments and the protein’s 3-dimensional 
coordinates we try to detect the footprint of evolution on protein interfaces in order 
to differentiate them from crystal lattice contacts. 
We show how we developed such a method and demonstrate that it is very effective 
at classifying biological interfaces from crystal contacts. Thus the method contributes 
greatly to the interpretation of protein crystal structures indicating the correct 
biological unit assembly that the proteins possess in their native environment.  
The classification method was initially developed with soluble proteins in mind. In a 
second part of the study, however, we also proved its applicability to the interfaces 
found in crystals of membrane protein structures. A necessary step in this analysis 
was to compile a validated set of transmembrane protein-protein interfaces from the 
known set of membrane structures deposited in the Protein Data Bank. Such a 
dataset constitutes the first comprehensive compilation of validated transmembrane 
protein interfaces. Through it we have tried to establish the principles of how 
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interfaces assemble in the transmembrane region and how they compare to those of 
soluble proteins. 
We thus established the applicability of the newly developed method, called EPPIC, 
in both the soluble protein and the membrane protein worlds. We finally offer a 
robust implementation of the method in a stand-alone software package and in a 





Diese Arbeit befasst sich mit der Analyse von Protein-Protein-Kontaktoberflächen, 
wie sie bei der Proteinstrukturermittlung mittels Röntgenkristallographie auftreten.  
Die räumliche Struktur von Proteinen kann durch Röntgenbeugungsexperimente 
ermittelt werden. Dabei liegen die Proteine nicht wie in der biologischen Umgebung 
in gelöster Form vor, sondern werden zunächst kristallisiert, so dass die 
auftreffenden Röntgenstrahlen stark gebeugt werden, und zu messbaren 
Beugungsmustern führen. 
Bei der Kristallbildung geht die Information verloren, welche spezifischen Kontakte 
die Proteine in der gelösten Umgebung bilden. Die Messdaten erlauben die 
Bestimmung der räumlichen Anordnung des gefalteten Proteins (die Tertiärstruktur) 
innerhalb der Kristallanordnung, nicht aber die Komplexbildung in der biologischen 
Umgebung (Quarternärstruktur). Anhand der Messdaten lässt sich also nicht 
unterscheiden zwischen Kontakten, die nur im Kristall auftreten und solchen, die in 
der biologischen Umgebung relevant sind.  
Das Ziel dieser Arbeit ist, die Unterscheidung dieser beiden Arten von Kontakten 
mit Hilfe von computergestützten Methoden. Die Unterscheidung basiert auf der 
Tatsache, dass biologische Kontakte im Gegensatz zu kristallinen Kontakten 
evolutionärer Selektion unterworfen sind. Die moderne DNS-Sequenziertechnologie 
liefert  eine große Menge an Daten über evolutionäre Prozesse in Biomolekülen. 
Durch die Kombination dieser Daten in der Form von multiplen Sequenzalignments 
mit den Proteinstrukturdaten detektieren wir die evolutionären Einflüsse auf die 
Kontaktoberflächen, um sie dadurch von den reinen Kristallkontakten zu 
unterscheiden. 
Wir beschreiben die Methode im Detail und demonstrieren, dass sie effektiv 
zwischen biologischen und Kristallkontakten unterscheidet. Damit leistet die 
Methode einen wichtigen Beitrag zur Interpretation von Proteinkristallstrukturen 
und ermöglicht Rückschlüsse auf die biologische Anordnung von Proteinen in ihrer 
natürlichen Zellumgebung. 
Die Methode wurde zunächst für lösliche Proteine entwickelt. In einem zweiten Teil 
zeigen wir, wie sie sich auch auf membrangebundene Proteine anwenden lässt. 
Dazu war zunächst die Zusammenstellung eines verifizierten Datensatzes von 
transmembranen Protein-Protein-Kontakten notwendig. Dies ist zugleich der erste 
umfangreiche und öffentliche Datensatz von verifizierten Transmembrankontakten. 
Anhand dieser Daten zeigen wir Prinzipien der Komplexbildung in der 
Membranumgebung und wie sich diese von derer in löslicher Umgebung 
unterscheiden. 
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Unsere Methode, genannt EPPIC, ist damit sowohl für lösliche als auch für 
Membranproteine anwendbar. Schließlich zeigen wir eine robuste Software-
Implementierung der Methode sowohl als eigenständiges Programm als auch als 
web-basierter Online-Service, der somit der weltweiten Forschungsgemeinde zur 
Nutzung zur Verfügung steht. 
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1 Introduction 
1.1 Background and Outline 
Proteins are, together with nucleic acids, the most fundamental molecules of life. 
These molecular machines perform an enormous range of diverse functions that 
make life viable. Their incredible power to adapt to different functions is in a good 
part possible thanks to their ability to fold into very precise 3-dimensional shapes 
that can produce the most subtle variations and specialization to functions from 
conferring structural stability to tissues or catalyzing biochemical reactions to acting 
as logical gates at cell membranes. 
Structural biology has thus become one of the most central branches of the biological 
sciences. Ever since Kendrew [1] solved the first protein structure in 1958 formidable 
technological advances have made possible an ever increasing accumulation of 
knowledge about the 3-dimensional structure of proteins. Crystallography has 
surely been at the center of this revolution, but other very important techniques like 
Nuclear Magnetic Resonance and Electron Microscopy have enabled a very wide 
range of studies around biological macromolecules. Indeed these two techniques, 
much younger than crystallography, offer still an enormous development potential. 
New emerging developments like solid state NMR or advances in EM detectors will 
surely open many more avenues in the structural biology research. 
Crystallography has in any case made some of the greatest advancements in protein 
structural knowledge thanks to the ability to produce incredibly precise, atomic-
9
level detailed structures. The advent of synchrotron radiation sources together with 
advances in biotechnological techniques for protein preparation and crystallization 
and the immense increase in computational power have greatly pushed the limits of 
the complexity and number of macromolecules solved. Structural genomics 
initiatives have thus been able to make the high-throughput solution of structures a 
reality, something that was unimaginable only some years ago. Further automation 
is expected to produce even higher throughput pipelines that will keep increasing 
the rate of structures solved. Today the main repository of macromolecular 
structures, the Protein Data Bank (PDB) [2] accumulates more than 90,000 biological 
structures, a figure that has increased in the recent years by nearly 10,000 entries a 
year. 
 
Figure 1 The growth in the number of structures in the Protein Data Bank since its creation 
Free Electron Lasers (FELs), the next technological leap, are already under 
development and have produced the first promising results [3, 4]. These new X-ray 
radiation sources, producing ultra-short pulses many orders of magnitude more 
brilliant than synchrotron sources, are enabling possibilities such as serial 
nanocrystallography or single particle diffraction. Importantly this approach has the 
potential to eliminate radiation damage issues that affect synchrotron sources. Thus 
the new FEL revolution is expected to greatly contribute to the opening of new 
frontiers in structural biology. 
With this wealth of data, the analysis of macromolecular structures has become ever 


















































































































































































discipline that hopes to shed some light on the enormously complex world of 
protein structures. Great advances in the understanding and rationalization of 
structures have already been made, like the understanding that there exists only a 
limited set of folds in nature or the establishment of folding pathways that are ruled 
by the hydrophobic core collapse. Structural bioinformatics has also been very 
successful at solving many more practical problems like secondary structure 
prediction or even tertiary structure prediction by homology modeling. 
Together with the structural data, another technological revolution that has 
contributed to develop the bioinformatics field is that of DNA sequencing. Since the 
completion of the human genome in 2001 [5, 6], the increase in throughput and 
lowering costs of DNA sequencing have happened at an even greater pace than that 
of computing technologies. Today it has become possible to sequence whole 
genomes in a few days for a fraction of the cost of some years ago. This has 
produced an explosion of sequence data that in turn fueled the appearance of fields 
such as comparative genomics, metagenomics and personalized medicine.  
This thesis revolves around bringing together those two data explosions: structure 
and sequence. Much is to be gained from exploiting the sequence knowledge in 
order to shed light into the structural world. We try to bridge this gap and develop 
some new ideas utilizing the wealth of available data. 
In particular we focus on a fundamental crystallographic problem: for all of its 
potential, one of the critical downsides of crystallography is that it does not provide 
any information about the specificity of the contacts present in the crystal lattice. As 
a protein goes from solution to crystalline phase, the quaternary structure 
arrangement is lost in the lattice. Being able to find out the original quaternary 
structure is nevertheless essential to understand proteins and their function.  
We thus develop this thesis into the following chapters: 
 Introduction: introducing the problem we are dealing with and its 
importance, crystal and biological contacts in crystal structures 
 Protein interface classification by evolutionary analysis: the method 
developed to analyse crystal interfaces (published as Duarte et al 2012) 
 An analysis of interfaces in membrane protein structures: the application of 
the method to interfaces of membrane proteins (Duarte et al, manuscript in 
preparation) 
 Conclusions: including the application of the method to some interesting 
biological examples 
 Appendix: two structural bioinformatics publications developed with the 
OWL framework that was essential for the realization of the project 
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1.2 A brief summary on protein quaternary structure 
Polypeptide chains fold into well-defined 3-dimensional structures, in principle 
encoded in their amino acid sequence [7]. The fold of each of this single polypeptide 
chains is known as tertiary structure. However in order to perform their functions 
protein chains sometimes associate through non-covalent links to form oligomeric 
structures or to form complexes. This is referred to as the quaternary structure.  
The formation of the oligomeric structures is mediated by protein-protein interfaces. 
Depending on their composition the oligomeric structures can be homo-oligomers if 
all subunits are of the same type or hetero-oligomers if different subunits associate 
together. 
Following Monod [8] two kinds of interfaces or “two models of association” can 
occur in proteins: 
 Isologous interfaces: the two partners bind in such a way that the two 
bonding surfaces are identical in both sides. This is the case of homodimers 
occurring on a 2-fold axis. They form closed symmetries and can only further 
associate by using other regions of their surfaces. 
 Heterologous interfaces: the two partners interact through two different 
bonding surfaces. This kind of interfaces leads in general to infinite 
associations of helical polymers except in the case where a closed structure 
can be achieved where the two different sides of the interface are satisfied by 
“closing” the structure. This leads to homomers with cyclic point group 
symmetries Cn (n>=3). 
Thus as Monod reasoned, homomers are necessarily symmetric: any heterologous 
interface not forming a closed symmetry would lead to infinite fiber assemblies.  
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 Figure 2 Different types of associations in proteins following Monod. Adapted from Monod et al [8] 
Crystallography as already mentioned above is not able to disentangle the different 
interfaces present in the crystal lattice. It holds little information on what the correct 
biological assembly is. Thus a multitude of independent experimental techniques 
have been traditionally used to establish the oligomeric state of proteins. Usually 
they aim at establishing the molecular weight of the native protein and comparing it 
to the weight of the protomers known from sequence. Examples of such techniques 
are Size Exclusion Chromatography (gel filtration), Analytical Ultra Centrifugation 
or Light Scattering. Information about the oligomerization state can also be obtained 
from techniques such as NMR, small angle X-ray scattering (SAXS), chemical cross-
linking and by mutagenesis studies in combination with other biophysical methods. 
Other new techniques are also emerging like Cross-linking Mass Spectrometry [9, 10] 
or oxidative footprinting [11]. 
13
1.3 Crystal lattice contacts and biological interfaces: a history 
In the first decades of protein crystallography the issue of distinguishing crystal 
contacts from biological ones did not appear as prominent. In all cases the solution 
of a protein structure was preceded by years of biochemical characterization, so the 
quaternary structure was normally accurately known. Once the structure was solved 
finding out the contacts was in most cases a matter of visual inspection and 
relatively straight forward. 
As years passed and more complex structures started to appear the problem became 
apparent. In 1995 Janin and Rodier were the first to openly describe  the issue [12] 
and later published a further note on it [13]. By that time the PDB had already 
accumulated a not insignificant figure of more than 3000 structures. He could then 
compile statistics on the general geometrical features of crystal contacts in terms of 
their buried surface area. He was thus the first to note that crystal contacts tend to be 
small, while biological interfaces are usually much larger. The same observation was 
also confirmed by Carugo and Argos in their 1997 paper [14]. Janin’s most relevant 
result was that by plotting the interface areas of interfaces found in crystals of 
monomeric proteins, an inverse exponential relationship could be seen in the area 
distribution. This offered the first method to a priori distinguish crystal from 
biological contacts, or specific versus non-specific ones in their nomenclature. By 
using their buried surface areas one could calculate a probability, based on the 
known statistics, of an interface to be specific or not. 
Later the group of Janet Thornton was the first to provide an automated method to 
classify crystal and biological contacts. In 1998 Henrick and Thornton [15] presented 
the PQS service to automatically predict biological units from crystal structures. A 
mix of interface area, buried residues, solvation energy and number of salt and 
disulfide bridges were used to distinguish the two types of contacts. Later Ponstingl 
et al [16] used a knowledge-based statistical potential in order to try to differentiate 
the two types of contacts. By compiling statistics of pairwise atom contacts in known 
homodimer interfaces they could score a given interface and set a cut-off for 
classification. The method achieved an error rate of 12%, which was slightly better 
than the classification based purely on areas, achieving a 15% error rate on the same 
set of structures. 
In 2001 in a pioneering study the same group performed an exploratory analysis of 
amino acid conservation in homodimers [17], which was hinted at as a possible way 
of solving the crystal versus biological interface conundrum. This was the first time 
that interfaces were looked at through the help of evolutionary data based on 
sequence analyses. In a very thorough analysis they measured the differential 
conservation signal between interface and other regions of the protein. As 
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conservation metrics they used a value termed Cons, a weighted sum of pairwise 
similarities among residues in an alignment column. They used it to compare the 
average conservation of the interface and other surface patches. They explored many 
different combinations: a) several definitions of interface residues: central residues 
and all residues, b) masked and unmasked ligand sites, c) sampling of surface 
patches with two different strategies: walking and picking. 
Following their preliminary study, also in 2001 the same authors published a 
method for contact classification [18]. The study came out almost simultaneously 
with one by Elcock and McCammon [19] who aimed at solving the problem with 
similar conservation-based methods. In the case of Valdar and Thornton, the method 
applied was similar to their earlier one, except that they also combined their 
conservation measures with area in order to boost classification power. Elcock and 
McCammon introduced the usage of sequence entropy as a conservation metrics for 
this particular problem. However they used a simpler differential measure than 
Valdar’s, by comparing the average entropy of whole interface versus the average of 
the rest of the protein’s surface as a simple ratio. 
Other studies followed shortly after from the Janin group with more in-depth 
analyses of geometric and physico-chemical properties of the two types of contacts. 
Chakrabarti and Janin [20] analyzed biological protein-protein interfaces in terms of 
size, geometry and amino acid composition. They introduced the idea of dividing 
the interfaces into a core and a rim region, finding that the rim has a similar 
composition to the rest of the protein surface while the core composition differs from 
it. The core was defined as those residues that bury at least one of their atoms upon 
interface formation. Bahadur et al [21] followed this up by noting that crystal contact 
interfaces seem to have similar amino acid composition to that of the rest of the 
surface, while biological interfaces are more hydrophobic and have more fully 
buried atoms. Furthermore they came up with a score combining those two 
observations that was one of the most effective to that date at distinguishing specific 
from non-specific contacts. Importantly for the first time they recognized that a 
crystal interface classification method needs to be somehow decoupled from the 
buried area parameter. The total buried surface area although a blessing for 
classification as seen above can also constitute a hindrance by hiding the 
contribution of other parameters to the classifier. With this idea in mind they used a 
previously compiled dataset of crystal contacts filtering out those contacts that were 
burying less than 400 Å2 per protomer. 
In 2005 following some of the ideas of the Chakrabarti and Bahadur papers, Guharoy 
and Chakrabarti [22] added conservation to the mix making the next contribution to 
the evolutionary methods, after those of Valdar et al and Elcock et al above. Using 
sequence entropies as evolutionary metrics they compared the average entropies of 
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core and rims as defined previously by Chakrabarti. The rationale behind it being 
that the comparison to surfaces might introduce bias from other conserved surface 
patches like ligand binding sites, thus they argued that a core versus rim approach 
can give better signal. 
Not much later, in 2007, a very different method came into the game [23]. Krissinel et 
al created the PISA software package for completely automated prediction of 
biological units from crystal structures. Their ideas were along the lines of analysis 
of geometrical and physico-chemical properties of interfaces, but they were 
integrated in a formal frame of interface energetic stability calculations from first 
principles. Starting from the full thermodynamic equations for the dissociation 
equilibrium of protein complexes, the authors go through a series of simplifications 
that finally lead to two main contributions: a) the enthalpic one containing 
contributions from ΔASAs, counts of hydrogen bonds, salt and disulfide bridges; b) 
the entropic one containing contributions from mass, moments of inertia, symmetry 
numbers and again ΔASA. The model makes quite a lot of assumptions and needs a 
few unknown empirical parameters, which are found by optimizing against their 
training set of bona fide biological and crystal contacts. 
Despite the coarse modelling the PISA method could achieve a very good 
performance. Key to its success was the assembly algorithm that could enumerate all 
possible assemblies present in the crystal producing a list of plausible biological 
units. The algorithm favors high symmetry and larger oligomeric ensembles and 
eliminates parallel interfaces, i.e. those that would lead to infinite assemblies. Last 
but not least they provided a working implementation including an easy-to-use web 
server that contributed enormously to the popularity of the project, so much that it 
has gradually become the de facto standard in the field. 
A few other approaches have also been tried. Nearly all of them revolve around the 
ideas presented above and many times try to group the different indicators together, 
being them geometrical, physico-chemical properties or evolutionary ones. The 
indicators are then fed into machine learning algorithms in order to automatically 
classify the interfaces by training with known sets of biological/crystal contacts. The 
first of such methods to appear (2006) was that of Zhu et al [24] where a Support 
Vector Machine (SVM) was trained with 6 different interface parameters combining 
areas, amino acid properties, conservation and geometry of interface. The study of 
Bernauer et al [25] also came up with one such method where as many as 84 
geometrical and amino acid properties-related parameters (reduced to 27 in the most 
optimal set) are fed into a SVM. A third method was that of Mitra et al [26] where a 
Bayes classifier was used instead of a SVM, this time with a combination of 
geometrical and physico-chemical parameters. In this case the authors go beyond 
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pairwise interface classification by looking at the point group symmetry and coming 
up with full biological unit predictions.  
A very important issue affecting the machine learning methods is the predominance 
of the interface area as the most effective classifying indicator. Together with that, 
highly interdependent indicators many times correlated with interface area, were 
often used in the machine learning procedures. Another important issue is that of 
over-fitting, especially taking into account the scarcity of data available for training. 
An interesting analysis described in 2008 by Xu et al [27] looked at the problem from 
a totally different perspective than any of those above. They realized that the wealth 
of structures solved in the PDB could be exploited to look at conserved crystal 
interfaces of homologous proteins in different crystal forms, under the assumption 
that such conserved interfaces must be biological. The method can be a powerful 
validation tool in some cases or even a discovery tool for potential undetected 
biological interfaces. Of course its power is limited by the availability of redundant 
crystal forms of the same structure in the PDB. 
In summary many aspects of the crystal interface classification problem have already 
been explored and have greatly deepened our understanding of the issue. Some 
important conclusions can be extracted: 
 Crystal interfaces tend to be small and biological ones tend to be large. Thus 
for the extreme cases, classification is more or less trivial, but a difficult region 
of areas exist where disentangling the two becomes a lot more challenging. 
 Geometrical and packing measures can be used quite effectively to classify the 
interfaces. 
 Building assemblies and looking at their size and symmetry provides a lot of 
additional valuable information about the interfaces. 
 Evolutionary data coming from sequences can provide very good hints on the 
biologicity of the interfaces. 
Our focus in this thesis is that of classification through evolutionary data as we feel 
that from all aspects studied so far it is the one with the most opportunities for 
development, but still not exploited to its full potential. We review thus in the next 
section some of the different ways of “measuring” evolution in particular in their 
relation to protein structure. 
1.4 Evolution and selection pressure metrics 
A multiple sequence alignment provides a picture of the results of millions of year of 
evolution in a single snapshot. When in combination with protein structures the 
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kind of information contained in the multiple sequence alignment can greatly 
enhance the value of the structural data, helping one to understand different aspects 
of the protein fold and function. 
The aligned positions of the MSA correspond to precise locations in the 3-
dimensional structure of a particular protein family. Thus the variability observed 
for one of such columns carries information regarding the allowed variability of 
amino acids in the particular 3-dimensional location. Amino acid substitutions that 
lead to a disruption of the fold or lose of binding to a particular cofactor or ligand 
will thus not be present in a MSA since the substitution would disrupt the protein’s 
function.  
Quantification of the variability of the alignment columns is thus essential if one 
wants to measure these effects in practice. This problem has been subject of 
investigation for already quite a few decades. A comprehensive review of all these 
developments falls out of the scope of this thesis, however we will briefly introduce 
some of the quantitative methods that have been devised to study the problem in the 
context of structural applications. 
We will divide this section into two parts corresponding to the two subdivisions 
within the problem: selection of sequence homologs for the MSA and calculation of a 
selection pressure metric. 
1.4.1 Selection of sequence homologs 
Most strategies for selection of sequence homologs have usually aimed at 
maximizing the amount of sequences, trying to gather as many related sequence as 
possible even if only remote sequence homology exists. The rationale behind it being 
that protein structures are known to be well conserved even at low sequence 
identities. The limited availability of sequence data, especially before the advent of 
next generation sequencing, also justified in many occasions this kind of strategy. 
The HSSP database [28] by Sander and Schneider was one of the earliest attempts at 
comprehensively associating sequence evolution information to known protein 
structures in the PDB. At the time of the study (1991) a limited amount of data was 
available: around 500 protein structures and 12000 sequences were known. The 
study tries to bridge the gap between the two worlds in order to infer more 
structural data from homology. Sander and Schneider reasoned that the threshold of 
sequence similarity for structural homology depends on the alignment length.  
By using the available data they provide an estimate for the threshold of sequence 
identity that implies structure homology for different sequence lengths, finding that 
at a length of 10 residues structural homology can only be seen at 80% sequence 
identity, whilst for sequences longer than 80 residues structural homology is already 
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mandated by a 25% sequence identity level. Based on these estimates they provide a 
database of alignments for all available protein structures using a variable cut-off 
depending on their sequence length. Nearly all protein structures these days exceed 
the 80 residues length limit and thus the generous 25% identity limit is used for 
many proteins in the current HSSP database. 
Later other methods came along that put a lot of effort into the evolution metrics but 
did not try to justify so rigorously the homolog search strategy and mostly aimed at 
gathering as many sequences as possible to infer more information from the broad 
alignments. For instance the MP-consurf method [29] used the Smith-Waterman 
algorithm to collect sequences from the SwissProt database with an E-value cut-off 
of 0.05 which results in a very broad sequence spectrum. Later the same group 
developed an improved version of the method [30], named ConSurf-HSSP, where 
the selection of homologs was left to the HSSP database. Valdar and Thornton [18] 
used PSI-blast with a maximum of 20 iterations and an E-value cut-off for inclusion 
of E-40 resulting in sequences with very low identities, as low as 5%, to the queried 
one. 
Other variations of these search strategies have also appeared. The search for remote 
homologs has always been a central issue. Earlier methods like BLAST [31] or 
implementation of exact algorithms like Needleman-Wunsch [32], were based purely 
on pairwise relationships and used substitution matrix models [33] to find related 
sequences. Later more sophisticated context-specific methods  appeared, some of 
them based on sequence profiles like PSI-BLAST [34] and others based on Hidden 
Markov Models like HMMER [35]. These methods gained in sensitivity by gathering 
context information from a seed alignment, i.e. specific evolution patterns for a 
particular protein family, and were able to find much more distant homologs. 
Development has not stopped there and improved versions of those methods have 
recently been published, like DELTA-BLAST [36], HMMER3 [37] or HHblits [38]. 
1.4.2 Measuring evolution 
Measuring residue conservation from a Multiple Sequence Alignment has been a 
matter of study for a long time, for instance a very comprehensive review was 
written by Valdar in 2002 [39]. Briefly, the problem can be further subdivided into 
separate issues: 
 Weighting of sequences: the alignments can contain sequences that are very 
similar to each other and can thus bias the calculations. Two possible 
approaches to compensate for this redundancy are pre-filtering by sequence 
identity clustering or weighting of sequences by similarity. 
 Variability measure: based on amino acid variance measures, on Shannon’s 
entropy (with different groupings of amino acids) or on substitution matrices. 
19
 Normalization: one can decide whether to use the scores as calculated or to 
normalize them in order to make them more homogeneous. One possible 
approach is that of normalizing by the average conservation from the whole 
alignment. 
 Treatment of gaps: a very important issue is how to handle the gaps in the 
conservation measures. Clearly gaps are not just another symbol that can be 
handled as other amino acids, but require a special treatment. Ignoring them 
altogether also leads to biasing the conservation scores. Some possible 
approaches here are: weighting down columns by gappyness or ignoring 
columns with a gap content exceeding a certain threshold. 
Due to the complexity of the issue and the many different parameters involved, 
groups have usually centered on a particular measure. Studies have also been 
performed that compared many of these different measures like that of Pei and 
Grishin [40]. The authors not only compared the different variability measures but 
also different ways of aligning the sequences: curated SMART alignments [41], 
ClustalW sequence alignments [42] or FSSP structural alignments [43]. 
Unsurprisingly high correlation could be observed between the different measures. 
Pei and Grishin could also use the conservation measures as quality metrics for the 
alignments and found out that not much difference could be seen between the 
SMART and ClustalW alignments, while the structure-based FSSP ones were 
somewhat more accurate. 
Phylogenetic measures can also be introduced that somehow model the evolutionary 
history of the sequences. This was central to some studies like  ConSurf [30] or the 
Evolutionary Trace method [44]. There the phylogeny of the sequences is used as a 
guide to model sequence evolution, leading to in-principle more accurate metrics for 
selection pressure. Two potential weaknesses of these methods, however, are their 
need for many assumptions for modeling sequence evolution and the fact that 
phylogenetic trees are calculated, in the lack of other data, also from sequence 
similarities. 
A further type of measure, not discussed above, is based on nucleotide sequences 
instead of protein amino acid sequences. These methods are popular in the 
Molecular Evolution field. The introduction of nucleotide sequences opens the door 
to more evolutionary information from the codons that encode for amino acids. 
Since the genetic code is degenerate, additional variability not seen in the amino acid 
sequence can be detected.  
Very generally the different coding sequence-based models try to correct for 
different evolutionary rates occurring in different protein families. One possible such 
measure is the Ka/Ks ratio [45]: Ka represents the rate of non-synonymous 
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substitutions per non-synonymous site, while Ks is the rate of synonymous 
substitutions per synonymous site. The reasoning behind it is that the synonymous 
mutation rate gives an idea of the background drift of neutral evolution, since the 
silent mutations not involving amino acid substitutions do not affect the fitness of 
the particular protein encoded by the DNA sequence. The ratio of Ka over Ks thus 
provides a measure of the selection pressure acting on a sequence with a correction 
for the neutral drift. Thus the metric is in principle able to better convey the 
evolutionary patterns of the sequences. However the necessary and complicated 
models for multiple substitutions require themselves many assumptions and add to 
the complexity of the method, compared to the more naïve –but clear– earlier 
methods purely based on protein sequences. 
1.5 Initial motivation and previous explorations 
The project that spawned this thesis was started by my supervisor Guido Capitani 
and my former colleague Martin Schärer who completed his doctoral thesis in the 
“Crystallography and Structural Bioinformatics” Capitani team at the Paul Scherrer 
Institute. 
One of the crystallographic topics of the team was the structural characterization of 
the Type 1 Pilus from the uropathogenic Escherichia Coli bacterium, in collaboration 
with the Glockshuber lab at ETH Zurich. The Pilus assembly machinery is composed 
of many different proteins that assemble at the outer membrane of these bacteria. 
One of the complexes that are involved in the pilus assembly is that of the FimD-
FimC-FimH, described by Nishiyama et al [46] in the frame of a collaboration 
involving as well the Wüthrich lab at ETHZ. In the course of that study an ambiguity 
was found in the assembly of the ternary complex: two different choices of 
asymmetric unit, crystallographically equivalent, led to biologically different 
assemblies of the complex. The ambiguity had to be resolved at the time by site-
directed mutagenesis and biophysical measurements. 
Inspired by that problem the team initiated the CRK project, which lead eventually 
to the publication of the Schärer et al paper in 2010 [47]. CRK stands for Core-Rim 
Ka/Ks ratio and focuses on solving the problem of distinguishing biologically-
relevant interfaces from crystal contacts by using an evolutionary approach. The 
study introduced a new approach by borrowing concepts from the Molecular 
Evolution field, which had not been used in this context. The Ka/Ks ratio was used 
as selection pressure metric, which as presented above, measures evolutionary rates 
by using DNA coding sequences. By introducing this novel methodology and 
combining it with an improved definition of interface core residues, the method was 
very successful at classifying the interfaces, achieving an 84% accuracy overall.  
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Two key factors contributed to the success of that project:  
 The definition of core residue: interface core residues were defined as those 
burying 95% of the ASA upon complexation, a definition that was a lot more 
stringent than those employed in previous studies measuring differential 
selection pressure of core and rim of interfaces. 
 The careful selection and filtering of sequences in the alignments: strict 
criteria were used where closed sequence homologs of the protein structures 
were chosen in order to be able to measure properly the Ka/Ks ratios. This 
measure can suffer from issues like Ks saturation if too distant sequences are 
grouped together in the alignment. 
Surely the abundance of sequence data as compared to the earlier work also 
contributed to boost the performance of the method. Finally, a careful treatment of 
the crystallographic data and checking of its quality and correctness contributed 
greatly to produce good results. 
All in all the study demonstrated the viability of the method and served as a starting 
point for the development of the ideas that came in the Duarte et al [48] paper 
presented in the next section. The method was implemented in a few scripts and 
provided a proof-of-concept but was not distribution-ready. Thus one of the 
objectives deriving from it was that of a robust distributable implementation 
together with the development of a Graphical User Interface in the form of a web 
server. 
1.6 A final note on software 
Since the start of the present thesis and originating from my working period at the 
Max Planck Institute for Molecular Genetics in Berlin, one of the central focuses of 
the scientific work was the development of high quality and sustainable software.  
In any scientific endeavor careful experimentation and proper planning and 
structuring are essential to the success of a project. This applies equally well to 
scientific projects that are based on software development. Often the development of 
scientific software occurs in a less than optimal manner constrained by time, lack of 
resources and above all by the rapid pace of development of the new scientific ideas 
in unexplored territories. In this kind of context proper software development 
practices are not always respected. It is our belief that software engineering practices 
should always be applied and that only this kind of “careful experimentation” can 
lead to correct analyses and new discoveries. 
The projects presented in this thesis were made possible by the previous 
development of the Otto Warburg Java library (OWL)  for structural bioinformatics 
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(http://www.bioinformatics.org/owl), created by myself and colleagues in Michael 
Lappe’s group at the Max Planck Institute of Molecular Genetics in Berlin. The group 
focused on protein structure studies, especially structure representation as residue 
interaction graphs or networks. The OWL software library was developed in order 
to enable the different analyses performed in the group. Some of its features are: 
input and output of PDB structures, implementation of a fast residue interaction 
graph decomposition algorithm, contact map handling or implementation of a 
homology modeling pipeline. 
Several publications were facilitated by the OWL library [49–54]. Additionally it 
enabled the participation of the Lappe group in the Critical Assessment of Structure 
Prediction (CASP) experiment in its 8th and 9th edition.  
During my thesis work the library was greatly expanded and made much more 
versatile. For instance I implemented fast algorithms for the reconstruction of the 
crystal lattice from the asymmetric unit, fast inter-chain contacts calculation or a 
pipeline for sequence homolog searching including calculation of conservation 
scores. 
In the Appendix of this thesis two of the publications where I was involved and that 
employed the OWL library are presented. They both were published during my 
working period at the Paul Scherrer Institute. 
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Abstract
Background: Distinguishing biologically relevant interfaces from lattice contacts in protein crystals is a fundamental
problem in structural biology. Despite efforts towards the computational prediction of interface character, many
issues are still unresolved.
Results: We present here a protein-protein interface classifier that relies on evolutionary data to detect the
biological character of interfaces. The classifier uses a simple geometric measure, number of core residues, and two
evolutionary indicators based on the sequence entropy of homolog sequences. Both aim at detecting differential
selection pressure between interface core and rim or rest of surface. The core residues, defined as fully buried
residues (>95% burial), appear to be fundamental determinants of biological interfaces: their number is in itself a
powerful discriminator of interface character and together with the evolutionary measures it is able to clearly
distinguish evolved biological contacts from crystal ones. We demonstrate that this definition of core residues leads
to distinctively better results than earlier definitions from the literature. The stringent selection and quality filtering
of structural and sequence data was key to the success of the method. Most importantly we demonstrate that a
more conservative selection of homolog sequences - with relatively high sequence identities to the query - is able
to produce a clearer signal than previous attempts.
Conclusions: An evolutionary approach like the one presented here is key to the advancement of the field, which
so far was missing an effective method exploiting the evolutionary character of protein interfaces. Its coverage and
performance will only improve over time thanks to the incessant growth of sequence databases. Currently our
method reaches an accuracy of 89% in classifying interfaces of the Ponstingl 2003 datasets and it lends itself to a
variety of useful applications in structural biology and bioinformatics. We made the corresponding software
implementation available to the community as an easy-to-use graphical web interface at http://www.eppic-web.org.
Keywords: Protein structure, Protein-protein interfaces, Crystal interfaces, Classification, Evolutionary, Core residues, Web
server
Background
Protein crystal lattices contain two kinds of interfaces:
biological ones (as present in physiological conditions)
and crystal packing ones (non-specific), indistinguishable
by crystallographic means. Traditionally they have been
assigned by visual inspection alone, but their identification
has increasingly become a challenge due to the sheer com-
plexity of the macromolecular objects that modern struc-
tural biology tackles nowadays. A series of breakthroughs
in protein production and structure determination techni-
ques, especially in protein crystallography, nuclear magnetic
resonance and electron microscopy, have enabled
researchers to solve the structure of macromolecular com-
plexes and oligomeric proteins of very large size, some-
times composed of many copies of different kinds of
subunits. Prominent examples in this respect are for in-
stance fatty acid synthase [1] and the recently solved
immunoproteasome [2]. Another important trend is the
increasing automation of the structure determination
pipeline through structural genomics efforts, often produ-
cing protein structures before thorough biochemical
characterization. Reliable computational tools are thus
needed to decide which interfaces are the biologically rele-
vant ones and consequently what is the biological assem-
bly in the crystal. The need for such tools is not limited
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to crystallography: integrated approaches merging
electron microscopy, proteomics and crystallography
are being employed to tackle very complex entities
such as the nuclear pore complex [3,4]: there,
researchers determine the structures of individual
components in order to fit them into a lower reso-
lution global electron density map derived from elec-
tron microscopy data. It is vital, in order to obtain a
correct fit, to know if the assemblies of the compo-
nents obtained by crystallography are biologically
relevant.
In the last fifteen years several computational methods
have been developed to distinguish biological interfaces
from crystal contacts. The first of them relied on inter-
face area analysis [5] and was followed by approaches
based on sequence conservation [6-8], combination of
geometrical and other properties such as conservation
via machine learning [9-11] and thermodynamic estima-
tion of interface stability [12]. This last method, imple-
mented in the PISA server, proved to be the most
successful and is the current de facto standard in the
field. An interesting approach, PROTCID [13,14], infers
information about the biological significance of inter-
faces from their presence in multiple crystal forms of the
same protein (if available).
In this article we present an integrated approach to
the problem that relies on evolutionary analysis of the
interfaces and on a novel geometric criterion. In a pre-
vious, proof-of-concept work [15] we employed Ka/Ks
ratios as the evolutionary metrics for the selection pres-
sure acting on protein-protein interfaces in crystals.
Ka/Ks ratios are a well-established tool in the field of
molecular evolution: they measure the ratio of the
number of non-synonymous substitutions per non-
synonymous site to the number of synonymous substi-
tutions per synonymous site in a multiple alignment of
coding sequences [16]. We compared the Ka/Ks ratio
averages of interface rim and core sets to detect if the
selection pressure acting on core residues was signifi-
cantly stronger than that of rim residues. This approach
had three main limitations: first, its recall was limited
since in many cases not enough homologs could be
found to run a significant Ka/Ks ratio estimation. Second,
Ka/Ks value estimation was slow, bringing the duration of
most runs up to several hours. Third, no easy-to-use public
implementation was available.
Our new approach, named EPPIC (Evolutionary
Protein-Protein Interface Classifier), overcomes all the
above limitations, introduces two novel criteria for
detecting biological contacts and, most importantly,
achieves a very high level of accuracy. Additionally we
implemented it in a robust freely available software
package and offer it to the community in an easy-to-use
graphical web interface.
Results and discussion
EPPIC is an approach for distinguishing biological inter-
faces from lattice contacts in crystal structures using
evolutionary information from protein sequences. Some
early attempts [7,8] in this direction, using sequence en-
tropies as metrics for selection pressure, did not achieve
levels of accuracy high enough to make them competi-
tive with methods like PISA, which estimates the
thermodynamic stability of an interface to predict
whether it should exist in solution (biological interface)
or only in the crystalline state (crystal contact). To date,
PISA is the de facto standard to address the biological
interface versus crystal contact issue and to predict the
biologically relevant assembly of protein structures.
Since PISA makes no use of sequence information, com-
plementary methods that employ the wealth of sequence
data available are particularly needed, especially as the
size of biological sequence databases has increased expo-
nentially in the last years and will only keep increasing
further in the near future.
Our recent approach [15] aimed at demonstrating the
feasibility of an evolution-based method measuring
interface selection pressure at the coding-sequence level.
Having achieved that goal, we set out to develop a com-
pletely new, more powerful and general approach to the
problem, overcoming the limitations described in the
introduction. First of all, we introduced a new geometric
analysis criterion, based on the number of core residues
in an interface, which represents by itself a powerful pre-
dictor of interface character. This allows us to formulate
an interface assignment even when not enough homo-
logs to the query are available for evolutionary analysis.
Second, we have re-evaluated the use of sequence entro-
pies instead of Ka/Ks ratios as a metrics for selection
pressure. We found out that, with stringent criteria for
homolog selection, better redundancy reduction of
sequences and thanks to the increasing amount of
sequences currently available, we could reach a better
performance than that achieved with Ka/Ks ratios. The
usage of entropies brings the advantage of making calcu-
lations much faster but also of simplifying the computa-
tional workflow. Third, we have introduced a new way
to exploit the difference in selection pressure between
interface and surface residues. Comparing the average se-
quence entropies of interface and non-interface residues is
an approach pioneered by Elcock & McCammon [7]. That
early attempt, however, was limited by the small size of
sequence databases at the time and most importantly
by biasing factors acting on surface residues, e.g.
allosteric binding sites, unknown interfaces to other
partners, external active sites and the like. We modified
that approach substantially, first of all by comparing
only interface core residues with surface residues, and
by introducing a random pooling of surface residues
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that enables us to compute more statistically robust
scores of selection pressure acting on the interface core
residues with respect to the surface “baseline”. A simi-
lar surface sampling approach was also used success-
fully by Valdar and Thornton [17] in order to analyze
conservation in a small set of homodimer interfaces.
The above three criteria, combined with further statis-
tical considerations on interface area, allow us to achieve
a performance of 89% accuracy on a minimally modified
version of the Ponstingl 2003 dataset [18] as compared with
84% accuracy achieved by PISA on the same interfaces.
Compilation and annotation of new reference datasets
An important issue we tackled in this study was that of
reference datasets of crystal contacts and biological
interfaces. We identified this as one of the most import-
ant issues in the computational prediction of interface
character and believe this particular problem has not
received enough attention in previous studies. Experimental
methods for oligomeric state determination are themselves
prone to artifacts and it is rather common in the literature
to find debated assignments, based on contradictory experi-
mental data. It is thus essential that the data to be used for
method developing and benchmarking have 100% clear
experimental backing. The crystallographic accuracy of
the structures is also vital: we realized that some of the
most frequently used datasets in the literature con-
tained some structures not following the most stringent
crystallographic quality criteria, since they were solved
many years ago and predated the use of quality mea-
sures such as the free R-factor [19].
Another important issue that has been mostly neglected
is the distribution of areas of the interfaces used to train
or benchmark classifier algorithms. As demonstrated
already by Janin [5], an exponential decay relationship
exists in the distribution of areas of crystal interfaces: the
bulk of the crystal interfaces known to date have areas
below 1000 Å2 with very few representatives above that
value. It is also well known that biological interfaces on
the contrary tend to exhibit large areas [20], with a major-
ity of cases from 1000 Å2 and above. An overlap region
exists where both kind of interfaces are frequent in the
area values of approximately 800 Å2 to 2000 Å2. Thus an
interface-classifying method should always take this into
account and use this area distribution as a baseline for
predictions. As Ponstingl [21] already noted, a simple clas-
sifier based on area alone achieved high accuracy in inter-
face assignment. In introducing our own reference
datasets we prioritized having a distribution of areas
that is out of the trivially classifiable region. This issue
was first recognized and partly addressed in the work
of Bahadur et al. [22], where they included a crystal
interface in their dataset only if its total buried area
was above 400 Å2.
We thus created our own reference datasets, adopting
a three-fold strategy: 1) only use entries for which the
oligomeric structure is clearly experimentally verified 2)
include only crystal entries that fulfill a series of quality
check criteria (see Methods), 3) focus on the range of
interface areas where it is really difficult to distinguish
crystal from biological contacts. We compiled two
Duarte-Capitani datasets: one of large crystal contacts
(DCxtal), the other of small biological interfaces
(DCbio). DCxtal contains 78 entries validated as mono-
mers, with 82 crystal interfaces of at least 1000 Å2. For
comparison, in the Bahadur set the lower limit for crys-
tal interface area was set at 400 Å2. Surely the growth in
the number and average quality of available crystal struc-
tures has made the compilation of a sizeable dataset of
large crystal contacts easier than in the past. DCbio con-
sists of 74 oligomers, with 83 validated biological inter-
faces. Both datasets are listed in detail in Additional file 1:
Tables S1 and S2, respectively. In Figure 1 we plotted the
area distribution of the entries in our datasets and two
others for comparison: the Ponstingl 2003 dataset of mono-
mers and dimers [18] and the Bahadur homodimer and
monomer datasets [22]. The boxplots show clearly very dif-
ferent area distributions, being our datasets a mixture of
biological and crystal interfaces belonging exclusively to the
overlapping area region. We also compared the DC sets
with the PiQSi database [23]: while only 23 DC entries (out
of 152) were present in PiQSi, their assignments were 100%
in agreement with the PiQSi ones.
Geometry criterion: core size
The idea of dividing the residues of the interface, i.e.
those that bury some surface area, into different classes
appeared early in the protein interface literature.
LoConte et al. [24] proposed a first classification based
on atoms rather than residues, dividing them into 3
classes which they called A, B and C. The fully buried
atoms formed class B, while classes A and C were subdi-
visions of the partially buried ones. Later Chakrabarti
and Janin [25] introduced the concept of core residues
as those residues having at least one fully buried atom.
This definition was later used by Guharoy & Chakrabarti
in their pioneering work on the relative average entro-
pies of core and rim residues in interfaces [8]. Schärer
et al. [15] substantially modified the definition of core
residue, basing it on the percentage of the accessible sur-
face area (ASA) that becomes buried upon interface for-
mation. The cut-off for defining a residue as core was
set by Schärer et al. at 95% burial (BSA/ASA). Levy [26]
used a more complex scheme with 3 categories: core,
rim and support. The scheme uses, as well as BSA and
ASA, the relative surface accessibilities (rASA), i.e. the
ASA of a residue X relative to its ASA in a reference
extended tripeptide GLY-X-GLY. In Levy's definition a
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residue is “core” if: 1) its rASA in the monomer is larger
than 25% and 2) its rASA in the complex is smaller than
25% (Table 1). The Schärer definition proved effective
when employed to divide interfaces into a rim and a core
set, the average Ka/Ks ratios of which were then com-
pared to classify the interfaces into “crystal” or “bio”. As
part of the present work we analyzed the predictive power
of the three residue-based core definitions (Chakrabarti,
Levy, Schärer) when using the number of core residues as a
simple geometric criterion to categorize interfaces as bio-
logical or crystal contacts. Figure 2 displays the number of
core residues (from now on called core size) found in our
datasets of biological interfaces and crystal contacts by
using the Chakrabarti, Levy and Schärer core definitions,
respectively. The core size of each interface is plotted versus
its area. Notably, while the two former core definitions lead
to a quite strong correlation of core size with interface area
(Pearson correlation coefficients 82% and 78%), the latter is
much less correlated (Pearson 33%). Moreover in many
cases it seems to clearly separate crystal from biological
interfaces. For our two datasets it is able to tell bio
interfaces apart from crystal interfaces with 80% sensi-
tivity and 73% specificity, which makes it per se a
powerful discriminator of interface character. In their
2004 work Bahadur et al. [22] presented two geometric
parameters that were also very good at discriminating
interfaces, namely the fraction of buried atoms and the
non-polar interface area. It must again be underlined
that the data used in that study was very different: their
crystal interface areas were above 400 Å2 whilst here
our DCxtal interfaces are above 1000 Å2.
As another way of displaying the predicting power of
Schärer's core definition we produced ROC curves
(Figure 3) depicting the ability of various geometrical
parameters to predict the character of a) our DC bio/
crystal interfaces and b) Ponstingl’s bio/crystal ones.
Schärer's definition outperforms the others and also the
interface area as predictors. This difference only becomes
apparent when using the datasets that focus on the difficult
to predict region (a). If we use a more conventional dataset
with a typical area distribution (b) the difference does not
appear. This is striking as previous studies [9,27] of several
geometrical interface parameters, including some based in
Voronoi tessellation, found that area ranked first in predic-
tion power compared to the other parameters.
Schärer's definition uses a percent burial cut-off to assign
residues to core, so the question arises as to what an opti-





























Figure 1 Distribution of interface areas in benchmarking datasets: Boxplots for a) Ponstingl Monomers in red and Ponstingl Dimers in
green, b) Bahadur Monomers in red and Dimers in green c) DCxtal in red and DCbio in green. Our datasets focus on the range of areas
where the two types of interfaces overlap the most, making it most difficult to predict their character.
Table 1 Interface core definitions from the literature
Chakrabarti Levy Schärer














Interface residues are those for which BSA>0, core residues are then a subset
of those. The values of core residue sizes for a typical biological interface
example chosen from one of the entries in DCbio are shown (the 2 numbers
corresponding to first and second partner of the interface). BSA is defined as
BSA=ASA(u)-ASA(c), relative ASA as rASA=ASA/ASA(GLY-X-GLY). u and c stand
for uncomplexed and complexed respectively.
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is. Strikingly, the 95% cut-off appears much more powerful
than lower ones. We plot in Figure 4 the ROC curves of
the core size at different cut-offs (95%, 50% and 10%) as
predictors of interface character for our DC datasets. It is
apparent that when one includes more and more partially
buried residues the predictive power decays rapidly.
The core residues thus defined seem to be an essential
interface determinant. Interestingly the definition is in
agreement with that of hot spot residues introduced by
Bogan et al. [28] and offers a possible explanation as to
why the number of core residues is so powerful in dis-
tinguishing biological interfaces. In that study, the
authors compiled a set of site-directed mutagenesis
studies on interface residues and found that only a few
well-buried residues contributed the most to the binding
energy of the interface. Moreover, all residues that con-
tributed significantly to the binding energy were fully (or
nearly fully) buried, whilst partially buried residues were
never found to significantly contribute to the energy.
Thus, full burial was a necessary but not sufficient con-
dition for a residue to be a hot spot.
It must also be noted that crystallographic accuracy is
essential for the effectiveness of the geometry criterion,
the full power of which can only be seen when using sets
of good quality crystal protein structures. A striking ex-
ample is the structure of bovine interferon gamma,
solved first at 3 Å resolution ([PDB:1RFB]) and later
again at 2 Å resolution ([PDB:1D9C]) in the same crystal
form. The area of the dimer interface changes from 2600


































































Figure 2 Correlation of core size in different definitions to area. Dots represent interfaces of the DCbio (green circles) and DCxtal
(red squares) datasets. The first two definitions show high correlation, whilst the definition of Schärer, used in this work, has a much lower
correlation. In the third plot we marked the core size value of 6 (cut-off used for the geometry classifier) with a horizontal line.


















































Figure 3 ROCs for different geometric indicators. The ROC curves represent the predictive power of different geometric parameters: core size
(Schärer’s definition), core size (Chakrabarti’s definition), core size (Levy’s definition) and total buried surface area. In panel a) the datasets used are
our DCbio/DCxtal, whilst in panel b) the Ponstingl datasets were used. Not much difference can be appreciated if using Ponstingl’s dataset, since
it contains interfaces that are too clearly separable by area. When we use the DC datasets, it becomes apparent that Schärer’s core definition
exhibits superior performance compared to the other geometric indicators.
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importantly the number of core residues leaps from 1 in
the first case to 36 in the second.
Estimation of selection pressure: sequence entropies
As mentioned above, in this work we decided to move
from the Ka/Ks ratio selection pressure metrics to se-
quence entropies at the amino-acid level. We realized
that we could see very good differential selection pres-
sure signal at the interfaces by carefully choosing the
homolog sequences to measure the entropies. Most im-
portantly we decided to be very conservative in the
amount of homologs to use, cutting the homolog list at
a sequence identity value as high as 60% (extending to a
hard cut-off of 50% when not enough homologs are
found). There are mainly two reasons for this choice.
First, by staying in the very high identity region we
avoid the risk of introducing errors in the alignments
and we can rely on the assumption that the structures
of homologs used in the alignment are very well con-
served. From knowledge gathered over the years of
CASP structure prediction experiments, it is known
that alignment accuracy is very good only down to
~50% sequence identity, medium to good in the 30-
50% identity region and low below 30% identity
(the “twilight zone”) [29,30]. These assessments done
over the different CASP experiments are based on the
gold-standard of a structural alignment to the best
template [29].
As a second point the quaternary structure of proteins
and thus interfaces seem to be less conserved than that
of the tertiary structure. Poupon and Janin [31] estimate
that 40% is a reasonable limit to the reliability of a good
quaternary structure homology, thus it seems dangerous
to consider sequence homologs below that 40% level.
Strikingly, almost all methods for interface classification
or prediction until now have used much lower sequence
identities for measuring conservation. For instance a few
studies [7,8,32,33] used the well-known HSSP database to
get their alignments. HSSP uses 25% as the identity cut-off
for sequences with length above 80 residues (a majority of
PDB proteins these days) [34]. Valdar et al. [6] select their
homologs by performing a maximum of 20 PSI-blast itera-
tions with an inclusion e-value cut-off of 10-40 which results
in identities as low as 5%. Caffrey et al. [35] even compared
two types of alignments: a “diverse” one, aimed at capturing
paralogs, and a “close” one to contain only orthologs. The
former had a very generous homolog inclusion cut-off
(blast with e-value cut-off of 0.001) while the latter took
close orthologs from selected species in the same taxo-
nomic kingdom. This second type of alignment, although
more stringent, is not comparable to those computed here,
as it typically contained very few sequences (10 to 15).




















core size (95% burial)
core size (50% burial)
core size (10% burial)
Figure 4 Schärer’s core definition at different cut-offs. ROC curves for Schärer’s core size at different BSA/ASA cut-offs as predictor for the DC
datasets. The 95% burial cut-off has a clear advantage over the lower cut-off core definitions.
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In order to see how the choice of identity cut-off
affects our interface predictions we studied the accur-
acies of predictions with variable identity cut-offs. The
results are presented in Figure 5. As we lower the se-
quence identity cut-off for inclusion of homologs in our
alignments the accuracy of the evolutionary predictions
clearly degrades. The behavior was similar across different
sets of biological interfaces datasets (DCbio, Ponstingl
dimers and PLP enzymes). We achieved optimal results
with a combination of 60% soft identity cut-off and 50%
hard identity cut-off (see Methods).
Choosing a more stringent cut-off is only possible
thanks to the size that sequence databases have reached in
the last few years. As the growth will only continue in the
foreseeable future we believe that our conservative ap-
proach will continue giving the best signal to noise ratio in
measuring differential selection pressure of interfaces.
Core versus surface scores
One of the earliest attempts to use evolution to predict
biological interfaces [7] compared average sequence entro-
pies of interface residues versus those of the other surface
residues. As discussed in the Introduction, this approach
was hampered by bias caused by patches of low-entropy
surface residues corresponding for instance to binding
sites or external active sites. In the search for an additional
evolutionary prediction criterion, we took inspiration from
that early attempt and introduced an approach comparing
the average sequence entropies of interface core residues
and of surface residues. In order to reduce bias in the cal-
culations, we employ random pooling of surface residues.
Given an interface with N core residues, we sample ran-
dom pools of N surface residues so that we then can com-
pare the entropy of the core residues versus that of the
distribution of surface samples. We then give the final
score as the distance of the average core entropy to the
mean of the surface samples in units of their standard de-
viation, in a Z-score-like approach.
Core-surface scores provide a measure of the selection
pressure acting on the key residues of an interface com-
pared to a surface “baseline” estimated from the ran-
domly pooled surface residues. In order to further
reduce bias, only those surface residues that are involved
in none of the interfaces found in the crystal are used
for pooling.
Valdar and Thornton [17] did also employ a surface
sampling approach in analyzing a limited set of homodi-
mer interfaces, though in their case the statistical signifi-
cance of the interface versus surface conservation was





































Figure 5 Our prediction accuracies on biological interfaces versus identity cut-offs used for homolog selection. The prediction accuracies
of our 2 evolutionary methods (core-rim entropy ratio with solid lines and core-surface entropy score with dashed lines) is plotted against
different identity cut-offs for selection of homologs to be included in the alignments. For all datasets accuracies are lower when more distant
homologs are used in the alignments.
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that approach and used a Z-test for significance estima-
tion, but concluded that the measured evolutionary sig-
nal was not sufficient to predict interface patches from
conservation information alone.
Combining information from the different criteria
As described above we employ three different indicators
of the interface character: a geometric one and two evo-
lutionary, core versus rim entropy ratio and core versus
surface entropy score. To offer a final prediction of
interface character we set out to combine the different
indicators into a single call. We decided for a simple
majority voting system, where we place more confidence
on the evolutionary calls (see Methods). In the case that
not enough suitable homologs are available for a certain
protein structure, making it impossible to employ the
evolution-based criteria, the final call is based on geom-
etry only. In addition we employed the results from the
compilation of the DCxtal contact dataset (see Methods
for details) to establish hard limits for biological or crys-
tal contact character: areas above 2200 Å2 are always
considered biological, while areas below 400 Å2 are al-
ways considered crystal, irrespective of the other indica-
tors. The low hard area limit criterium refers to non-
induced [36] protein-protein interfaces, and does not
apply to protein-peptide ones.
Engineering artifacts in the PDB: a word of caution
A further novelty we introduced in our interface classi-
fier method is that of checking for engineering artifacts
in the structure being analyzed. This important aspect
is, to our knowledge, mostly neglected by computational
methods attempting to classify crystal interfaces. In
order to produce, characterize and crystallize proteins,
structural biologists often need to introduce modifica-
tions into their wild-type sequences. These range from
point mutations to insertion of affinity tags or to total
chimeric constructs. We deal with this issue by first of
all finding a reference UniProt sequence for the given
PDB sequence. Multiple UniProt assignments to a single
PDB entry usually indicate a chimeric construct (e.g. the
recent structure of the channelrhodopsin light-gated cat-
ion channel [37][PDB:3ug9]. In that case, no evolution-
ary prediction is run and interface classification relies on
core size only. If a reasonable reference UniProt align-
ment exists (as defined by sequence identity and cover-
age thresholds) then we attempt to predict the interface
with all three criteria. In these cases we further check
whether the core and rim residues to be scored locate in
a region that aligns properly to the reference. Warnings
are produced for mismatches; if the number of mis-
matches exceeds a threshold, again no evolutionary pre-
diction is carried out and the final call is geometry-based.
Parameter optimization and performance
Several parameters are used in classifying an interface as
biological or crystal. Especially important are the cut-
offs used for each of the scores: core size (geometric in-
dicator), core versus rim entropy ratio and core versus
surface entropy score. In order to optimize those we
used our manually annotated DCxtal and DCbio data-
sets, which contain entries with experimentally verified
quaternary structure assignment and with areas in the
difficult range 1000–2000 Å2. The optimization process
with these datasets led to the following cut-off values: 6
core residues for geometry, 0.75 for entropy core/rim
ratio and −1.0 for core versus surface scores.
Finally, in order to benchmark our method with a sep-
arate independent set we used the well-known Ponstingl
2003 [18] sets of monomers and dimers which we min-
imally modified (see Methods). This dataset has the ad-
vantage of having been employed several times as
benchmark in the literature [9,12,38]. In the case of
PISA [36] it was also used as optimization set.
In Table 2 we present the results of the optimization
and benchmarking steps and for reference we include
the PISA performance on the same sets (see Methods
for details on how the PISA performance was measured).
The three different methods are first assessed separately
and then as a single combined predictor. Additionally to
the two datasets DC and Ponstingl we also include the
statistics for the Bahadur set (a superset of Ponstingl’s)
for completeness. Overall, the performance of our final
combined predictor compares favorably to that of the
PISA server in the 3 sets. The geometric predictor alone
is able to classify the interfaces with high accuracy and is
helped by the evolutionary ones to further improve the
performance in the final call. It must be noted that the
evolutionary predictors are in themselves very powerful
at classifying interfaces, with sensitivity/specificity fig-
ures ranging from 64% to 87%. These figures are not dir-
ectly comparable to those of the geometric predictor or
the combined predictor as they are based on the subset
of entries that could be predicted at all (prerequisites are
that at least 10 homologs are available and that enough
core/rim/surface residues exist). In the analysis of wrong
evolutionary predictions we often found cases with prob-
lematic alignments, e.g. with inhomogenous sequence
identity distribution of homologs. Viral or archaeal pro-
teins seem particularly prone to this kind of problem.
We are convinced that better filtering and selection cri-
teria will help in further improving the performance of
the evolutionary predictors.
Performance with sequence data growth
In order to more precisely assess the performance of our
method we studied the behavior of the evolutionary pre-
dictions with the change in sequence data over the last
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years. The UniProt database has seen an exponential
growth aided mainly by an improvement in sequencing
technologies that even outperforms Moore's law [39].
We studied the performance dependence of our inter-
face evolutionary predictions with the growth of se-
quence databases by using archived UniProt versions
from the first release appeared in December 2003 to the
current one almost 10 years later. The first and more
important effect that we observed is a dramatic increase
in prediction coverage as the UniProt database grows.
For the Ponstingl datasets, coverage rose from 27% in
2003 to 65% in 2012. We are able to predict a particular
entry whenever we can find at least 10 non-redundant
sequence homologs within 50% identity of the query.
Additionally we tried to assess whether the accuracy of
the scores increases as alignments get enriched with
more sequence data. We thus studied the evolution of
the core-surface scores in biological interfaces from a
few datasets (DCbio, Ponstingl dimers and PLP
enzymes), plotted in Figure 6a. The score distributions
across all interfaces exhibit a downwards trend both in
terms of median scores and of their spread. Contrastingly
Figure 6b present the scores across time for crystal
interfaces (DCxtal and Ponstingl monomers), where a
slight upwards trend can be observed and not much
variation in the spread.
Web server
In order to make the EPPIC approach easily accessible
to the structural biology and bioinformatics community,
we built a web server (http://www.eppic-web.org), with a
front-end design centered on clarity and usability. To
that end we created a rich interactive web application,
based on the Ext-GWT (http://www.sencha.com/pro-
ducts/extgwt) framework. As a minimum input, the user
has simply to provide the PDB code of the entry to be
analyzed or to upload a coordinate file in PDB or
mmCIF format. The user can also access an “Advanced”
input panel that allows for changing the parameters for
homolog selection and alignment. A collapsible panel on
the left provides an overview of the currently running
and of the completed jobs. The results page (Figure 7)
consists of a top panel, showing the key information
about the job and of a dynamic table listing all inter-
faces present in the crystal lattice. Each row of the table
corresponds to an interface, represented as a clickable
cartoon-style thumbnail, and shows additional informa-
tion about the interface. The last columns give the pre-
diction calls (bio or xtal) for all three approaches
(geometry, entropy core-rim ratios, entropy core-
surface scores) and the final combined call. As an op-
tional extra column, warnings are shown if the residues
involved in the interface do not properly align to the refer-
ence UniProt entry or other kinds of issues are found in the
interface geometry. By clicking on an interface thumbnail,
the user can access a 3D view of the interface itself, either
through JMol [40] (browser-based, no need for an installed
viewer), a local molecular viewer (PDB file) or a PyMOL
[41] pse session file.
A practical example
An example of using EPPIC in the context of an important
structure biology problem is provided by the work of
Zhang et al. [42] on the mechanism of activation of
epidermal growth factor receptor (EGFR), which is
based on dimerization. The authors determined the
Table 2 Classification statistics
EPPIC (based on UniProt 2012_10)
# entries Geometry Entropy core-rim Entropy core-surface Combined
Bio Xtal Sens. Spec. Sens. Spec. Sens. Spec. Acc. Sens. Spec. MCC
DC (optimization) 83 82 0.80 0.73 0.82(68) 0.66(64) 0.87(69) 0.76(67) 0.81 0.88 0.73 0.62
Ponstingl (benchmarking) 88 52 0.85 0.92 0.84(76) 0.66(29) 0.85(75) 0.79(29) 0.89 0.90 0.87 0.76
Bahadur (benchmarking) 121 185 0.88 0.88 0.82(103) 0.64(114) 0.86(104) 0.77(114) 0.86 0.89 0.84 0.72
PISA
Acc. Sens. Spec. MCC
DC (optimization) 0.79 0.95 0.63 0.62
Ponstingl (benchmarking) 0.84 0.89 0.77 0.66
Bahadur (benchmarking) 0.77 0.89 0.69 0.57
Classification statistics for our own compiled datasets ("DC"), composed of DCxtal (crystal interfaces) and DCbio (biological interfaces), for the Ponstingl 2003
dataset of monomers (crystal interfaces) and dimers (biological interfaces) and for the Bahadur datasets (monomer and dimers). We first present the statistics for
each of our indicators separately and the statistics for the combined predictor. PISA statistics compiled by us are shown in a separate table. Statistics are given in
terms of sensitivity or rate of correct biological interface predictions and specificity or rate of correct crystal interface predictions. The statistics for the
evolutionary methods are based on the total number of interfaces that could be predicted (enough homologs and enough core/rim/surface residues). The
numbers for each case are indicated in parentheses together with the corresponding sensitivity or specificity. As well as accuracy values we present the Matthews
correlation coefficient (MCC) which gives a better assessment of the predictions in cases where the positive and negative sets are unbalanced (as is the case with
the Ponstingl sets). All EPPIC evolutionary predictions are based on UniProt release 2012_10.
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crystal structure of the EGFR kinase domain ([PDB:2GS2]),
where either a symmetric or asymmetric dimer, of very
similar size (950 and 990 A2, respectively), can be chosen as
the biologically relevant entity mediating activation. A
symmetric dimer, already determined by Stamos et al. [43]
in a different crystal form, was computationally analyzed by
Landau et al. [44], who proposed it, among six possible
dimer choices, as the key contact controlling inactivation of
the receptor. Zhang et al. settled the issue with a series of
mutagenesis experiments that identified the asymmetric
dimer as the relevant one. EPPIC analysis of entry
[PDB:2GS2] clearly indicates the Zhang asymmetric dimer
as biologically relevant and the symmetric one as a crystal
contact. It does so based on clear signals by the entropy
core-rim and core-surface criteria, which lead to a correct
call for this difficult case in which both interfaces exhibit
similar geometrical features (similar number of core resi-
dues). Strictly speaking, the asymmetric dimer is unviable
since such heterologous interfaces can extend to infinite
fibers [45]. Zhang et al. do acknowledge this issue and attri-
bute the apparent contradiction to the fact that the crystal-
lized construct is only an intracellular fragment of the full
length membrane protein. The symmetric and asym-
metric dimers of [PDB:2GS2] are shown in Figure 8













































Figure 6 Core-surface score variation across UniProt history. The core-surface scores improve on average as more sequence data has
become available. Plotted are core-surface scores of a) biological interfaces (from DCbio, Ponstingl Dimer and PLP datasets) and b) crystal
interfaces (from DCxtal and Ponstingl Monomer datasets). The lower the score the stronger the indication of biological interface (our cut-off for
classifying bio/crystal is set at −1). The median score for UniProt version 1.0 (2003) is denoted by a dashed line. The chosen versions are
separated in time by approximately one year.
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(panels a) and b), respectively) as they would appear to
the user in the respective PyMol pse session files pro-
vided by the EPPIC web front-end.
Conclusions
We present here a new, highly effective and easy-to-use
method addressing an important issue in structural biol-
ogy and bioinformatics: that of distinguishing crystal
contacts from biologically relevant interfaces. The im-
portance and spread of this problem is now widely
recognized: as an effective method to solve it, EPPIC will
significantly help in the interpretation of crystal struc-
tures, in guiding biochemical experiments on protein-
protein interfaces and hybrid approaches in which single
components solved by crystallography are to be
assembled into large supramolecular entities. Two im-
portant conclusions can be drawn from this study: first,
that fully buried residues are a key determinant of bio-
logical protein-protein interfaces; second, that a strin-
gent sequence selection for the multiple sequence
alignments used to measure the evolutionary signal pro-
vides a more robust and less noisy way to detect the
footprint of evolution in interfaces. This is especially im-
portant as the incessant growth of sequence databases
fueled by new high-throughput technologies will only
increase the usefulness of evolution-based methods.
EPPIC bears significant potential for further develop-
ments, the most straightforward one being automatic in-
ference of quaternary structure assemblies from the
interface predictions, thus providing a complete pipeline
from crystal structures to putative biological assemblies.
The method is applicable to many problems in both
structural biology and structural bioinformatics, to name
just a few: validation of structures of oligomeric proteins
and of protein complexes, detection of crystal contacts
in which one of two partners mimics a biological part-
ner, prediction of protein-protein binding sites in the ab-
sence of the structure of a complex and the validation of
models of complexes and oligomers.
Methods
Compilation and annotation of new reference datasets
In order to compile our monomer dataset (DCxtal) we first
gathered a subset of PDB entries by using the advanced
query feature of the RCSB PDB site (http://www.pdb.org)
on the 21st of December 2010 with following para-
meters: 1 chain in the biological unit (biounit), reso-
lution better than 1.8 Å, Rfree below 30%, Rsym below
10% and with a sequence redundancy filter at 90%
identity. We then calculated all possible interfaces for
Figure 7 Typical output display of the EPPIC server.
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those entries, taking for our further manual curation
those with an interface area above 1000 Å2. A further
quality control eliminated those entries that generated
more than 5 clashes (atoms within 1.5 Å) between
chains during the interface calculation process. With
this procedure we aimed at finding all putative large
crystal interfaces from crystal structures of good crys-
tallographic quality in the PDB. This filtering resulted
in a set of 378 PDB entries, which we manually curated
by looking into their main references and other litera-
ture when necessary. We only took an entry as a candi-
date for our DCxtal dataset when clear experimental
evidence for monomeric state was found in the litera-
ture, usually provided by size exclusion chromatog-
raphy, analytical ultracentrifugation or light scattering
techniques [31]. We discarded entries with dubious
features or experimental evidence: for instance, putative
domain swaps (by visual inspection), debated oligo-
meric state with conflicting experimental data in the lit-
erature or cases where experimental evidence referred
to a different fragment than the crystallized construct.
For the DCbio dataset we first took entries that in the
above procedure were found to be clearly experimentally
verified to be multimeric (thus mostly annotation errors
in the PDB as we initially selected entries with 1 chain
in the biounit). Then we added 10 PLP enzymes with
biological interfaces with areas below 2000 Å2. PLP
enzymes are known to exist always as dimeric or higher
oligomeric assemblies [46]. Finally we proceeded with a
similar methodology as above by filtering the PDB for
good quality structures with 2 chains in the biounit,
aiming to find putative dimers. The interfaces for them
Figure 8 Identifying the biologically relevant interface of the EGFR kinase. Asymmetric (top) and symmetric (bottom) dimers in the
structure of the epidermal growth factor receptor kinase ([PDB:2GS2]). The two interfaces appear as in the respective PyMOL pse sessions
downloadable from the EPPIC web front-end by clicking on interface thumbnails (surface rendering was added for clarity).
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were calculated and those with areas between 900 and
1400 Å2 were chosen for manual curation by literature
search as above.
Hard area limits
In the above annotation effort, 41 entries contained
extremely large (>2000 Å2) putative crystal interfaces,
from which we could only validate one real monomer
([PDB:1LF2], with an area of 2171 Å2). All others were
either errors in the biological unit annotations or du-
bious cases. On this basis we set a hard area cut-off of
2200 Å2, above which interfaces are directly called bio-
logical without considering the other indicators. We
could count only 130 other putative monomers in the
PDB (December 2010) having their largest interface
area above 2200 Å2, resolution <3.0 Å, Rfree<35% and
fewer than 5 clashes. Thus, our sample of 41 manually
curated monomers represents about a quarter of all
putative large monomer interfaces with reasonable
quality in the PDB, so the chosen hard cut-off can be
considered significant.
Interface calculation and geometry criterion
We calculated the interfaces for a given entry by apply-
ing all symmetry operators corresponding to the entry's
space group and finding any pair of chains that had at
least 1 atom of each side within a distance of 6 Å. We
implemented the interface calculation in Java and inte-
grated it in our code. For surface calculations, we used the
implementation of the Shrake and Rupley algorithm [47]
written by Bosco Ho (http://boscoh.com/protein/asapy)
which we ported into Java. A ball radius of 1.4 Å was used
to calculate the Accessible Surface Areas (ASA). Surface
residues were considered those exposing more than 5 Å2 of
their surface. We computed both the ASA of complexed
and uncomplexed subunits, finding by subtraction the Bur-






Surface residues with BSA>0 constituted the interface.
We then followed Schärer’s [15] definition to assign the
core residues as those with BSA/ASAuncomplexed>0.95.
Interfaces with more than 6 core residues were consid-
ered biological. This value was found in an optimization
procedure carried out on the DCxtal and DCbio datasets
that maximised both sensitivity and specificity.
Evolutionary scoring
To calculate sequence entropies for each of the residues
of a given PDB structure we used the following proced-
ure: 1) We found the reference UniProt identifier for the
PDB sequence by using SIFTS (http://www.ebi.ac.uk/
pdbe/docs/sifts) or blasting, in order to control for
possible engineering performed on the PDB sequence.
2) Using the reference UniProt sequence we searched the
UniRef100 (http://www.ebi.ac.uk/uniref/) database through
BLAST [48] to find putative homologs. Only the matching
PDB subsequence of the UniProt reference was used for
the BLAST search. 3) We then applied sequence identity
(soft cut-off of 60% identity, relaxing in 5% steps down to
50% identity until at least 10 homologs were found) and
coverage (80%) filters and a hard maximum number of
sequences of 100. 4) We then clustered the sequences by
using BLASTCLUST [48] and choosing a single representa-
tive from each cluster. We did this in an iterative way by
starting with a 98% identity clusters and reducing stepwise
this threshold if more sequences needed to be eliminated to
reach the hard maximum of 100 sequences 5) We finally
used the CLUSTALO [49] program to perform a multiple
sequence alignment of the selected homologs. 6) Based on
that sequence alignment sequence entropies were calcu-
lated. The Shannon entropy of an alignment column i is
given by:
s ið Þ ¼ À
X
k
pi kð Þ log pi kð Þð Þ
where pi(k) is the probability of a residue of class k being at
position i of the alignment. We used a reduced amino-acid
alphabet with 10 amino acid classes as proposed by
Murphy et al. [50].
Entropy values were finally mapped back to the PDB
sequences, so that we could compute from those core
versus rim ratios and core versus surface scores as
described above. For entropy scoring the core residues
were chosen with a more relaxed criterium of 70% burial
(assigning the remaining interface residues as rim) in
order to achieve more statistically significant compari-
sons. Only if more than 8 of them exist above 70% bur-
ial, we make an evolutionary prediction. For the core
versus surface scores calculation we drew 10000 samples
of N residues (N being the number of core residues in
the analysed interface) from surface residues belonging
to none of the interfaces found in the crystal.
Combined predictor
The combined predictor is based on a simple consensus
vote from the 3 methods: geometry, entropy core over
rim ratio and entropy core versus surface scores. The
majority vote (2 out of 3) of the separate calls gives the
final prediction. If an evolutionary prediction cannot be
made, due to lack of enough homologs or to an insuffi-
cient number of core residues, then the final call is the
geometric one. In some cases one of the two evolution-
ary measures fails. For instance core over rim ratio can
fail if too many of the rim residues are mutated, or the
core-surface prediction can fail if the surface from which
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to draw residues is too small. In such cases if the geom-
etry and evolution call do not agree, preference is given
to the evolutionary one. Additionally hard area limits are
used as described above. Special cases like interfaces
with disulfide bridges in wild-type residues are treated as
biological, disregarding the other indicators.
Optimization and benchmarking
We optimized the different parameters against the
DCxtal and DCbio datasets. A pooled dataset using both
sets of biological and crystal contacts was created and
used for the runs. A True Positive was counted when
our classifier was able to assign a biological interface as
biological, True Negative when it could assign a crystal
interface as crystal. We ran the predictions with several
cut-off parameters for each of the three methods and
chose the set of parameters that maximised accuracy
((TP+TN)/(P+N)). In the final statistics together with
the accuracy we also quote the sensitivity (i.e. True Positive
Rate or correct bio predictions from all possible biological
interfaces) and the specificity value (i.e. True Negative Rate
or correct xtal predictions from all possible crystal inter-
faces). PISA predictions were assessed as follows: for each
entry in the pooled dataset the PISA interfaces and assem-
blies were downloaded as xml files (http://www.ebi.ac.uk/
msd-srv/prot_int/pi_download.html). The first item in the
assemblies list was taken as the PISA prediction. It was
then checked whether the interface of interest was in the
list of interfaces engaged by the assembly. The prediction
for that interface was then assigned as biological. The inter-
face was assigned as crystal if a) the interface of interest
was not in the list of engaged interfaces b) no assembly pre-
diction was given. If the PISA prediction fell in the
“grey region of complex formation criteria” then it was
considered as a failed prediction and not counted as
either biological or crystal.
The Ponstingl 2003 dataset used here for benchmark-
ing consists of two subsets: 1) a crystal interfaces set:
largest interface from each entry in the Ponstingl
monomers set; 2) a biological interfaces set: largest
interface in each of the Ponstingl dimers set. We
minimally modified the entries from the original ver-
sion published in 2003 [21] to make sure the set was
up to similar standards of accuracy as our own com-
piled sets. We did manual curation of 10% of its en-
tries, finding in that process a few problems with the
crystallographic quality of some entries and in some
cases with the experimental oligomeric assignment.
The entries that were modified were:
 in monomers dataset: removed [PDB:1A8O] and
[PDB:2ABX] as they are known to be dimers, removed
[PDB:2HEX] that is a debated monomer/decamer, see
for instance discussion in Schärer et al. [15]
 in dimers dataset: entry [PDB:1RFB] (3Å resolution,
no Rfree available) was replaced by [PDB:1D9C] (2Å
resolution, Rfree 0.27)
Two additional datasets were used: Bahadur’s mono-
mer [22] and dimer datasets [51] in benchmarking and
in Figure 1; and the PLP enzymes biological interfaces
dataset from Schärer et al. [15] in Figures 5 and 6a.
Sequence data growth benchmarking
For the historical study section we first downloaded
selected versions of the UniProt archived data available
at ftp://ftp.uniprot.org/pub/databases/uniprot/previous_re-
leases. We chose 9 versions that were distanced by approxi-
mately a year from each other and ranged from December
2003 to February 2012: 1.0, 4.0, 7.0, 10.0, 13.0, 15.0,
2010_02, 2011_02 and 2012_02. The interfaces used to
study the score variation across time are further selected
from the full lists by choosing only those that have a clear
progression in the number of non-redundant homologs:
between 5 and 15 homologs available in version 1.0 and
more than 20 homologs available in version 2012_02.
Software
The core EPPIC code was written in Java using
the OWL Java library for structural bioinformatics
(http://www.bioinformatics.org/owl/) and is licensed
under the GPL. The source code is available at the
Subversion repository https://systemsx02.ethz.ch/svn/crk.
All algorithms have been integrated in the Java code, in-
cluding interface calculation and ASA calculations. Blast
and Clustal Omega are the only external tools, which
we then interfaced from Java. The UniProt JAPI
(http://www.ebi.ac.uk/uniprot/remotingAPI/) is used for
retrieving UniProt data. The web server is written in Java
using the Ext-GWT framework (http://www.sencha.com/
products/extgwt) and uses Hibernate (http://www.
hibernate.org/) together with a backend MySQL data-
base system for data persistency. The job scheduling in the
computational backend is done through the open source
Open Grid Scheduler/Grid Engine (http://gridscheduler.
sourceforge.net/) system. A command-line version of the
interface classification software is available for download at
the web address http://www.eppic-web.org/downloads/
eppic.zip. The web server is essentially a Web GUI to the
command line program.
All plots were generated with R [52]. The PyMol [41]
molecular graphics system was used for creating figures,
thumbnails in server and extensively for analysis.
Additional file
Additional file 1: Tables S1 and S2. Manually curated monomer and
oligomer DC datasets, with experimental evidence from the literature.
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The "area" column refers to the largest interface in the protein crystal.
References mostly given as PubMed id numbers linking to abstracts.
Experimental evidence abbreviations used: SEC size exclusion
chromatography; AUC analytical gel filtration; AUC (SV) analytical
ultracentrifugation sedimentation velocity; SLS, DLS, LS (static/dynamic)
light scattering; MALS multi-angle light scattering; MALLS multi-angle
laser light scattering; CCL chemical cross-linking; FRET fluorescence
resonance energy transfer; NMR nuclear magnetic resonance; SAXS small
angle x-ray scattering; MS mass spectrometry; native-PAGE native
polyacrylamide gel electrophoresis.
Abbreviations
EPPIC: Evolutionary Protein Protein Interface Classifier; PDB: Protein Data
Bank; ASA: Accessible Surface Area; BSA: Buried Surface Area; DCxtal:
Duarte-Capitani crystal interfaces dataset; DCbio: Duarte-Capitani biological
interfaces dataset.
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Supplementary Table 1: DCxtal dataset




2q7d 1783.63 1.6 1 SEC, SLS,
comparison to 
2odt
17616525 Monomer. The  states exactly thatpaper
"biophysical methods like gel filtration
and static light scattering indicate a
monomeric state" but data is not shown.
The same protein was solved by SGC 
 and does not have that interface at2odt
all. Note that the HIS tag from both
chains is involved in interface, however
only in part of the rim.
2gas 1566.9 1.6 1 SEC 16600295 Paper clearly states it is a monomer,
they used SEC and show data.
3c8y 1522.73 1.4 1 , 2173950 2544883 Iron hydrogenase 1 from Clostridium
. The  says it is apasteurianum review
monomer, quoting this , but it's notpaper
clear what's the evidence there. Anyway
all publications after that seem to
assume that it is surely a monomer, e.g. 
 which is the primary reference9836629
for , same protein as this one solved1feh
before . That one contains also the same
interface (but it's also the same crystal
form). 
3mhz 1516.29 1.7 1 SEC , , ,20672855 9039918 15243628
17335404, 4966833
The  and the (extensive) literaturepaper
on this PA anthrax protein assume that it
is a well-known fact that it is a monomer
(82KDa). It's cleaved and the 62KDa part
heptamerizes to form a pore. First gel
filtration in 4966833, established
molecular weight of ~ 100 KDa, thus
monomer. 
Entry  is the same protein1t6b
complexed with a human cell receptor
and also contains a large putative crystal
interface.
2wbq 1515.87 1.1 1 SEC 19490124,
15368580
No info in paper (though they do mention
they did gel filtration), but in a previous
paper ( ) characterized as15368580
monomer by SEC. Homologous to
another protein in this list  (30% id2og5
with good structural conservation). The
interface in both cases is the same one
anyway (even though space groups are
different). 
3aap 1382.3 1.6 1 SEC 20159467 Monomer. Authors say so in paper, they
used SEC but data not shown
46
2yz1 1378.66 1.4 1 SEC, AUC 18045614 This ligand binding domain (extracellular
domain of a membrane protein) seems
to be a monomer in solution as shown by
SEC (no data shown) and AUC
(sedimentation equilibrium, data shown).
As further hint the authors note that the
interface is antiparallel and thus unlikely
to be formed by a transmembrane
protein on a single cell surface. The full
length including transmembrane domain
could be a dimer.
2ipi 1329.37 1.7 1,2 SEC 17395717 Monomer following , they didpublication
SEC, no data shown. Four chains in the
a.u., with two nearly identical large
interfaces (B+A) 
3cj1 1124.4 1.7 1 native PAGE,
SEC, DLS
17910474  assigns as dimer. Brenda 17910474
claims monomer by native PAGE (data
shown) SEC and dynamic light
scattering (data not shown)
2eyi 1111.83 1.7 1 DLS, SEC 12657793 a-actinin binding domain, monomer,
dimerization domain before, scheme
1pp3 1110.48 1.6 1 SEC DOI: 10.1021/cg800616q Monomer by SEC 
1ynq 1101.76 1.3 1 16242712 Personal communication by XD Li
2w20 1100.67 1.5 1 SEC 18765901 Truncated version of protein,
predominantly monomer, full length may
be dimer.
3mg1 1099.32 1.6 1 SEC 20368334 Authors say it is a monomer based on
SEC, they show data and looks like well
calibrated. Homolog (~70% seq id) 1m98
has the same interface and the paper
says that it is a dimer based on SEC, but
they don't show the data. Thus we call
monomer following the first paper as
they seem to have good data.
3cu9 1098.4 1.2 1 SEC 19505290 Monomer by SEC, so the authors claim
in the paper, without showing data.
Originally the entry in the list was the
mutant (from the same study)  but3d5y
we replaced it by the wild type .3cu9
Both contain the same interface
1n45 1097.6 1.5 1 CCL, FRET 19556236 Forms dimers/oligomers in ER,
monomer when it does not have TM
helix.
2hlq 1087.36 1.5 1 SEC 17094948 16982201 Seems monomeric following their very
detailed paper ( ) on16982201
purification of this protein. They did SEC
and show data (construct D 32-131 is
the one used for crystallisation).
1s83 1063.55 1.3 1 SEC 19585993 Monomeric, bovine pancreatic trypsin
was used as a standard in SDS-PAGE.
3go5 1063.14 1.4 1 SEC 20399190 Monomer claim the authors, by SEC but
no data shown.
3fwk 1046.84 1.2 1 SEC 19375431 Authors claim monomer by SEC. They
show the data in supplementary material
(Fig. S1). Homolog  (~50% seq id2wsi
and with very good structural
conservation) does not have that
interface.
1gpi 1039.54 1.3 1 11743726 Circumstantial evidence: crystal
structure is truncated enzyme, additional
residues for full length would disrupt
interaction.
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1lxk 1033.37 1.5 1 SEC 9365 Monomer in Bacillus sp.
2j0p 1017.8 1.7 1 SEC 16943192 Authors claim monomer by SEC. They
present the data (Fig. S2 of
supplementary) and they really did a
very good job: well calibrated, done at
different protein and salt concentrations.
1xgk 1017.46 1.4 1 SEC, DSC
unfolding
11679757 15537757 Seems to be a monomer. Determined by
SEC ( ), some data given but11679757
no plots. Also main publication for this
structure  claims monomer15537757
through DSC unfolding. (Note that the 2
names used for the species of this NmrA
protein: Emericella nidulans and
Aspergillus nidulans refer to the same
fungal species, see )wikipedia
3gkj 1014.66 1.6 1 AUC (SV) 19563754 Authors claim monomer by AUC.
Previously supposed to be dimer (
) by SEC, but authors say that17989072
"Previous results with glycosylated
proteins have shown anomalous
migration behavior on size exclusion
chromatography", that's why they did the
AUC.
3m66 1009.59 1.6 1 9118945 MTERF3, binds as monomer to DNA, in 
 it is stated that it is a16787637
monomeric protein
2wsa 1007.3 1.6 1 20036251 Authors state that it is monomeric. 
 has orthologs characterized byBrenda
SEC all monomeric.
3hzl 1005.4 1.6 1 17697998 Stated by the authors to exist as
monomer in solution.
1w9q 1005.13 1.7 1 NMR 16533050 15698575 Contains not interesting peptidic ligand
(chain S). The second paper 15698575
is a full NMR study of the protein's
quaternary structure.
3h30 1328.83 1.6 1,2,3 , 11574463 17084631 Comparison with 1JWH shows that the
dimerization of the CK2 reg. subunit is
NOT that observed in 3h30
(heterotetramer, as confirmed by
BRENDA). Thus, accepted
2wbf 1323.25 1.6 1 SEC , 13679369 19591843 Fragment of domain SERA5PE of
protein SERA5 of Plasmodium
Falciparum. Domain SERA5PE is
monomer by SEC ( )13679369
2j46 1235.11 1.1 1,2 SEC doi:10.1016/S0167-4838(02)00287-X Elutes as monomer 
3kk8 1233.14 1.7 1 MALS 20139983 Full length forms tetradecamer, kinase
domain is monomer (MALS)
1ejd 1227.05 1.6 1 native PAGE 1577165 Characterized as monomer 
3gvo 1222.17 1.6 1 SEC,DLS (for
homologue,
79%)
19372537 11303521 Mouse Pumilio-2 Puf Domain. High
sequence identity with human (~90%)
and drosophila (79%). For Drosophila (
) shown to be monomer by SEC3h3d
and DLS ( ). The Drosophila11303521
structure (3h3d) is a different crystal
form and doesn't have the interface.
Human homologues are same crystal
form as 3gvo with same interface (e.g. 
).1m8z
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1j96 1218.8 1.3 1 SEC
(homologue,
68%) 
11514561 Not clear, according to BRENDA in 
 monomer by gelRattus norvegicus
filtration (6435601). Seq id is 68%.
Primary citation claims monomer in
solution (data not shown). Keep
2xov 1199.74 1.7 1 21256137 Transmembrane protease, up and down
arrangement, clearly a crystal contact 
1so7 1189.06 1.5 1 SEC, disc gel
electrophoresis
6735353 Monomer by gel filtration and disc
electrophoresis 
2cki 1185.89 1.7 1 SEC 16627477 Monomer, assessed by gel filtration 
1lqt 1180.32 1.1 1 SEC 12071965 Monomer, assessed by gel filtration
2ow9 1178.46 1.7 1 SEC , 17623656 9790892 Literature found in MEROPS. Same
sequence with similar boundaries
analyzed by gel-filtration: monomer
2f37 1158.58 1.7 1 SEC 16882997 Ankyrin repeat, monomer in solution, no
data shown
2z6o 1158.39 1.6 1 NMR, SLS 19101823 Ubiquitin protein ligase, monomeric as
stated in  by SLS (data not19101823
shown) and rotational tumbling
correlation time in NMR.
1ueb 1150.1 1.7 1 AUC, LS 15210970 Monomer by AUC and light scattering
3b37 1148.82 1.7 1 SEC ISSN: 0002-1369 (AGRICULTURAL
AND BIOLOGICAL CHEMISTRY,
1988, 52:217) 
Monomer by SEC 
1wly 1143.41 1.3 1 SEC 15781461 Monomer by SEC (stated in ).15781461
However E. coli homolog 1qor (~40%id
and very well conserved structurally) has
exactly the same interface and they
claim it is a dimer in the  withoutpaper
presenting much experimental evidence.
1lf2 2171.42 1.8 1 SEC, AUC 12454457 17040901 EC 3.4.23.39. Interesting case: dimer in
several crystal forms, monomer in
solution under the conditions where
protein is active, but higher oligomers
can form irreversibly. Keep.
2qb5 1790.2 1.8 1 SEC, SLS,
comparison to
2odt
17616525 Authors claim monomer in paper from
SEC and SLS but data not shown.
There's a HIS tag in the N terminal which
is involved slightly in the interface. But
most of the interface is formed by the
C-terminal. Comparing to same structure
but different construct 2odt from SGC,
that one does not have this interface at
all.
1zlq 1678.52 1.8 1 SEC, AUC 7867647 12960164 Was characterized as monomer in
earlier publication  by SEC, data7867647
not shown. Then by AUC in this other
paper  (reference of structure12960164
1uiu). Also comparing to same protein 
 (first structure solved for this NikA1uiu
protein), the interface is not present in
that one.
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2yvw 1522.84 1.8 1 SEC 1577165 SG. There's not much info about this
Aquifex aeolicus MurA enzyme, but
there are a few very well structurally
conserved (~40% seq id, ~1A rmsd)
homologs from E. coli, E. cloacae and
others. They all seem to be monomers
following Brenda. This early paper 
 shows evidence for E. cloacae1577165
( ) being a monomer by SEC. The3kqa
various homologs have different crystal
forms and none of the others have this
interface. Thus monomer.
1d3h 1483.64 1.8 1 SEC 10673429 Authors state in paper that it is a
monomer by analytical gel filtration
chromatography. This is human DHODH
enzyme, the structurally closely related
homolog from Lactococus Lactis (1jue) is
a homodimer, the dimerization interface
of that one is different from this one
2e1v 1653.41 1.8 1 SEC 17383962 Authors state that it is monomeric by gel
filtration.
3n5c 1457.8 1.8 1 SAXS,
SEC-MALS
20709080 The authors do analysis by SAXS and by
SEC-MALS presenting data and a lot of
evidence. This seems to be a very clear
monomer.
2wbm 1439.53 1.8 1 AUC 19454024 No data shown for sedimentation
equilibrium experiment. Authors state
"no dimer has been observed for any of
the available structures of afSBDS,
which show different crystal packings."
3c1d 1427.07 1.8 1 AUC, SEC, CL 18650935 Sedimentation velocity (data shown),
homo-bifunctional chemical crosslinking
(not shown)
1ndb 1386.57 1.8 1 SEC 12526798 SEC, data not shown. Consistent with
publication by Ramsay
2x26 1377.16 1.8 1 SEC 20383006 Interesting interaction: as in fim proteins
there is a 13-amino-acid tail (but
C-terminal) that folds within the cleft of
the next monomer (cloning artifact:
coupling of protein to GFP for estimation
of expression levels). Protein runs as
monomer in SEC (data not shown). No
homologs in PDB
3kh7 1333.8 1.8 1 20544959 Most likely monomer, though no data
provided. Homolog from E.coli is
monomer , rmsd between11843181
3kh7 (pa) and 2b1k (ec) 0.95 A
1toa 1294.51 1.8 1 SEC , 10404217 10400603 Monomer by SEC
1ffr 1226.41 1.8 1 SEC Annals of Microbiology, 55 (3)
213-218 (2005)
Chitinase from S. Marcenses
(bacterium), uniprot P07254. It's identical
in sequence to Sanguibacter C4's
chitinase (uniprot Q2V9S9) and that one
is monomer by SEC with data (Tao
YONG, Jin HONG, Long ZHANGFU,
Zhang LI, Ding XIUQIONG, Tao KE, Ge
SHAORONG, Liu SHIGUI, Annals of
Microbiology, 55 (3) 213-218 (2005),
Purification and characterization of an
extracellular chitinase produced by
bacterium C4) ( ). Brenda alsolink to pdf
has many monomers for bacterial
chitinases
1vqq 1215.7 1.8 1 SEC 8163510 Seems to be monomeric by SEC
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1n4g 1162.15 1.8 1 MALLS 20621636 CYP121, it's monomer
3ita 1142.07 1.8 1 native PAGE 19807181 Publication claims that PBP6 behaves as
monomer in solution
1woq 1129.82 1.8 1 SEC 12839753  publication claims monomer,15377666
evidence given in 12839753
1cqx 1110.84 1.8 1 SEC , 8557026 218634 Authors claim structure to be monomeric
but no evidence given. See  for218634
clear SEC evidence.
2eqa 1105.25 1.8 1 LS 18004774 As described in publication
3mhj 1102.84 1.8 1 SEC 18436240 Human tankyrase 2, most likely
monomer by comparison with tankyrase
1  (evidence for tankyrase 1 given2RF5
in ), sequence identity is about18436240
72%
2fgz 1091.03 1.8 1 Homology 16650854 Crystal Structure Analysis of apo
pullulanase from Klebsiella pneumoniae,
monomer in Klebsiella aerogenes (seq id
85%)
1fpo 1087.78 1.8 1 SEC 9144776 Protein seems larger than monomer, but
smaller than dimer. interpreted as
non-globular by authors. It makes sense
if compared to structure
3lvd 1082.92 1.8 1 SEC 20220148 12693991 Green fluorescent protein mutant
(aceGFP-G222E), wt is monomer by
SEC; since G222E does not affect
interface, accept
3irb 1060.05 1.8 1 SLS, SEC 20944206 PISA seems to predict 2mer or 4mer,
experiments seem to tell otherwise, no
data shown
1utj 1057.15 1.8 1 SEC 8896331 Trypsin of Salmo, SEC mentioned in
publication
3f0o 1043.2 1.8 1 SEC 3542021 Monomer in solution, but crystal
interface looks quite real
2h44 1038.64 1.8 1 SEC 16735511 Monomeric fragment (535-860). SEC
was done on 508-865, the full-length
protein is dimeric
1t8g 1029.16 1.8 1 SEC 15340171 Phage T4 lysozyme mutant
L32A/L33A/T34A/C54T/C97A/E108V.
Lysozyme is a monomer and the author
state that "soluble and monomeric as
judged by elusion profiles from sizing
columns (data not shown)"
1g6a 1019.59 1.8 1 SEC , 11148033 235307 PSE-4 beta-lactamase, monomer by
SEC (the authors quote an early paper
where there is a calibrated SEC)




, 19447113, 10620337 AFL from .Archeoglobus fulgidus
Crystallizes also in a form with only one
monomer per a.u. (2zys), shares
interface with 2zyr. Monomeric as
determined by previous biochemical
study 
3els 1005.04 1.8 1 SEC 19010333 Clear chromatogram with calibration,
monomer
Supplementary Table 2: DCbio dataset
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entry area resolution assembly bio
interfaces
evidence reference comments
2fwv 2085.26 1.7 2 1 DLS, SEC 17172346 It's a dimer, wrongly annotated as monomer. They
check it with several methods in the : DLS,paper
SEC (showing data for both) and homology. PISA
predicts wrongly a tetramer as the most likely
assembly
1ytq 1950.11 1.7 2 1 SEC, DLS 17327390 It's a dimer, wrongly annotated as monomer. The
abstract says it already and they show it in the
paper with SEC and dynamic light scattering.
1v2x 1705.29 1.5 2 1 AUC 15062082 It's a dimer, wrongly annotated as monomer. In
paper they state they did AUC but don't show the
data. Strangely the BSA they quote in the paper is
1353 A2 instead of our value (or PISA's) ~1700 A2.
1pkh 1673.65 1.4 3 1,2 SEC 12909016 It's a hexamer, wrongly annotated as monomer.
Clear from crystal and also proofed with SEC in
paper. Actually it's a dimer of trimers. They proof in
the paper that it's a hexamer and not a trimer with
SEC, but it's not totally clear whether the hexamer is
real (could be simply low affinity). As the 100% clear
one is the trimer (interfaces 1,2) we'll take those 2
as bio, interface 4 would be the one corresponding
to the dimer of trimers oligomerisation.




Zymomonas mobilis (this one) was considered a
monomer (SEC, data not shown), but a recent
paper shows that it is a dimer by non-covalent MS
and that it is the dimer that binds one substrate
tRNA molecule at a time.
1kq3 1486.08 1.5 4 1,2 SEC,EM,homology 11566129
11134946
A tetramer. No publication (SG). But homolog 1jq5
is a tetramer (clearly stated in  with supportpaper
from EM and SEC data). Identity is ~40% but
structure is very well conserved. They both contain
the same interface and furthermore they both
crystallize in same space group (I 4 2 2). Actually
there's a tetramer/octamer discussion for 1jq5, in 
 they say an octmer fits the EM data but11566129
looks not so convincing, in  theres SEC11134946
evidence for octamer, but they also mention an
earlier paper which claims tetramer. Taking only
interfaces 1,2 (tetramer) and not 3 (the octamer
one)
1jq5 1318.52 1.7 4 1,2 SEC,EM 11566129
11134946
See 1kq3 above.
2h7i 1481.31 1.6 4 1,2 SEC 17588773 Tetramer. The protein has been solved many times
(26 entries with 100% id in PDB). The paper from
2idz explicitly says it's a homotetramer from SEC
data (not showing data).
2nzl 1299.14 1.4 4 1 SEC 17669354 A tetramer. SEC evidence in this  found inpaper
reference of main paper of entry 2W0U (same
protein as this one).
1uj6 1281.61 1.7 2 1 SEC,DLC 13679361 Homodimer by SEC and DLC according to main
reference of structure
1ju3 1268.31 1.6 2 1 SEC 11742345
20436035
Dimer by SEC ( ). Main reference and20436035
PDB annotation say monomer
1sml 1258.8 1.7 4 1,2 SEC,AUC 9811546 Wrong annotation: tetramer by SEC (older
references from main paper) and AUC
sedimentation equilibrium with data shown (
)9811546
3fah 1240.29 1.7 2 1 AUC,SEC 8354279 Wrong annotation, characterized as dimer.
1lzl 1207.56 1.3 2 1 SEC 12421810 Dimer by SEC
3iue 1150.47 1.7 2 1 SEC 11669627 Dimer by SEC in 11669627
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1vk5 1144.85 1.6 2 1 SEC 16511118 "Gel filtration indicates homodimer" (data not
shown)
2exb 1899.64 1.8 2 1 AUC 16411754 Dimer, the paper says that "it forms a tightly bound
dimer" from AUC analysis (sedimentation and
equilibrium), but data not shown.
3a2q 1745.79 1.8 2 1 SEC,AUC 923591 It's a homodimer by SEC and AUC, see 923591
3h6d 1665.4 1.8 3 1 It's a homotrimer. Couldn't find the citation with the
exact experimental evidence, but it is assumed by
all authors that it is known to be a trimer. There are
10 structures for this protein in the PDB. All showing
the trimer, e.g. 1snf which is also a different crystal
form
1s2z 1621.4 1.8 2 1 AUC 2835096 It's a homodimer by AUC. Has 2 large (>1500A2)
interfaces. Both are in all 10 structures for this
protein in PDB, all of them same crystal form though
(see protcid)
2z1n 1586.77 1.8 2 1 SEC 18175326 Dimer or tetramer by gel filtration (data not shown).
Actually there are 2 different interfaces that form 2
possible dimers and altogether a possible tetramer.
The gel filtration gives a ratio 10:1 dimer to tetramer.
But it's not known which one of the 2 interfaces is
the possible dimer observed. We take only interface
1 as a sure bio to stay in the safe side
2vef 1556.35 1.8 2 1 SEC 3114239 Dimer by gel filtration, see . Other3114239
homologs from similar organisms (e.g. 1eye from
M.Tuberculosis) superpose well, have same
interface and are known to be dimers, see 
11007651
1bs1 1483.09 1.8 2 1 SEC 4921568 Was earlier characterized as homodimer. It's been
solved many times and all the structures in the PDB
have the same interface




Catalytic domain of Drosophila
beta1,4-galactosyltransferase-7 (73% similarity to
human). For human enzyme (delta 1-81) gel
filtration and UDP binding stoichiometry show it is a
dimer. Interestingly this entry (Drosophila) contains
quite a long N-terminal expression tag taken from
the homologous bovine enzyme. Anyway the tag is
not even seen in the density and in any case
doesn't come close to the interface.
3f3e 1270.99 1.8 2 1 analogy to
serotonin receptor
16041361 Dimer according to 16041361
2vr4 1265.02 1.8 2 1 SEC,DLS 17287210 Dimer by SEC and DLC data not shown, reference
is of same protein solved earlier by same group
(2je8). Brenda has dimer or higher oligomer for
same EC (3.2.1.25) in related organisms
1x7v 1191.21 1.8 2 1 SEC 16049913 "The PA3566 protein crystallizes as a trimer,
although the functional unit is most likely a dimer, as
are other members of this structural superfamily."
confirmed by SEC
1f2d 1892.91 2.0 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
1lw4 1857.20 1.9 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
1n8p 1969.27 2.6 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
1qop 1531.10 1.4 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
2aq6 1195.11 1.7 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
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2bhs 1487.99 2.7 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
2cft 944.77 1.8 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
2e7j 1668.16 2.4 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
2ecq 1623.08 1.9 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
2rkb 1104.54 2.8 2 1 15189147 PLP enzyme, known to be dimer or higher oligomer,
see review  by Eliot and Kirsch15189147
1eej 856.37 1.90 2 1 SEC 7536035 Well characterized as homodimer, see .7536035
1o17 933.97 2.05 2 1,2 SEC 11298741 Well characterized as homodimer, see .11298741
Two copies of the interface in the ASU.
1ze3 1473.17
1093.65
1.84 3 1,2 SEC 15920478 Ternary complex of FimD-C-H. Characterized as
complex by SEC
3d36 665 2.03 4 1,3 Mutagenesis 19101565 Well characterized complex (on interface 3) of KinB
(chains A,B) and small protein Sda (chain C).
Interface 1 is for homodimer A+B. Interface 2 is
really interesting because it is a crystal contact that
replaces the bio contact of interface 3 in the other
(symmetric) side of the molecule. The paper is very
thorough and they check the interface with different
techniques, including mutagenesis.
3r0n 901.84 1.3 2 1 SEC,Native PAGE 22547693 Immunoglobulin variable domain of Nectin-2. The
reference is the primary citation of same protein 
4dfh
3da8 911.22 1.3 2 1 DLS,SEC 19394344 Authors did both DLS and SEC but show no data,
they solved 2 structures for the same protein in
different crystal forms, both have the interface
providing further evidence.
2c4w 914.5 1.6 12 1,2 AUC 1554351 Type II DHQase from H. Pylori. It's a dodecamer by
similarity to  (M. Tuberculosis, only 30% seq id2y71
but amazing structural conservation at the
dodecamer level, pymol aligns the 2 dodecamers
downloaded from PISA with 1.4 rmsd) and to 1gu0
(35%id, very good structural conservation at
dodecameric level). 2y71 and 1gu0 have been well
characterized biophysically ( ) as1554351
dodecamers. Interfaces 1 and 2 are engaged to
form the dodecamer.
3jrz 933.25 1.7 2 1 NMR 19959472 They solved both the crystal and the NMR. In the
abstract they say that it is a dimer in solution, but
the only proof of it in the paper is from the NMR
NOE peaks that are assigned to inter/intra
molecular ones via the X-ray structure. Additional
clues: 1) 2 crystal forms solved have the same
interface, 2) a well conserved homolog of E coli 
 (~40%id) also has the same interface3hpw
3f6q 949.99 1.6 2 1 SEC 19074270 Citing the paper: "the complex remained intact
through further rounds of ion-exchange and
size-exclusion chromatography". They also tried
mutagenesis on several residues, especially mutant
F42A caused near complete loss of binding. By the
way, the F42 is the only core residue in that side of
the interface
2wxd 960.02 1.6 2 1 SEC,AUC 2369130
9195886
Well charaterized dimer, original reference is 
. Solved a few times in the PDB.2369130
2bz6 981 1.6 16621574 FACTOR VIIA heavy and light chain linked by S-S
bridge. The original single chain is cleaved by other
factors of the extrinsic blood coagulation pathway
into the heavy and light chain (P70375 UniProt)
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2d0d 1003.06 1.7 2 1 SEC 16233251 Homodimer by SEC. This is a mutant but I couldn't
find the WT, there are a few other mutants in PDB.
In any case the mutation is not in interface.
3cm3 1012.27 1.3 2 1 AUC-SV 19211553 Homodimer by AUC - sedimentation velocity, they
show data.
3o1n 1017.98 1 2 1 SEC 21291284
8216229
AroD from Salmonella enterica serovar typhimurium
; AroD from , 100% id, is dimer bySalmonella typhi
SEC ( )8216229
3h0n 1018.4 1.5 2 1 SEC,SLS 20944211 SG, new fold (ABATE domain), published.
2v52 1030.07 1.5 2 1 fluorescence
anisotropy 
19008859 MAL-RPEL2, Kd by fluorescence anisotropy 0.1 uM.





inhibitor. It binds 1:1 (titration) with Ki ~ 1nM
2dvn 1045.17 1.6 2 1 DLS 18062990
3ovp 1060.91 1.7 2 1 SEC, AUC 20923965
2i7d 1077.94 1.2 2 1 SEC 2157703 The main reference for this entry is 17985935






18451864 Special case: this C-terminal domain of the EscU
protein from the type III secretion system of
Gram-negative bacteria self-cleaves into two
polypeptides and the two chains stay together.
Originally the entry we had from the filtering was
3bzy, but it is a mutant, wt is 3BZL (1.71 A).
2car 1099.46 1.1 2 1 SEC 17138556
11278832
Clear dimer by SEC, they show the calibration curve
3gus 1221.37 1.5 2 1 16597834
16399376
Very well studied human glutathione S-transferase
enzyme (2.5.1.18) type p1, standard name
hGSTP1-1. Known to be homodimeric, could not
find the exact reference. Many structures in PDB, all
having the interface.
3jyo 1224.52 1 2 1 SEC 18566515 Homodimer by SEC
1uz3 1228.26 1.1 2 1 SEC,AUC 15978617 N-terminal domain of EMSY protein ( ),Q7Z589
homodimer in solution by SEC, AUC and even yeast
two-hybrid evidence. Kd established at ~2uM
2wtm 1243.68 1.6 2 1 DLS 20058325 Homodimer in solution by DLS. They solved 2
different crystal forms of the protein, both containing
the interface.
2a5l 1252.84 1.7 2 1 AUC,SEC 16322580
9694845
Dimer-tetramer equilibrium, we take thus the 1st
interface as valid (corresponding hopefully to
dimer). Another structure within 95% id has been
solved: 1zwl. Both have in common interfaces 1 and
2 and are 2 different crystal forms.
2y39 1294.51 1.4 2 1 SEC,AUC,NMR 18825506 A homodimer by SEC, AUC and NMR. 3epv is the
same protein with same interface except that it is
slightly bigger, maybe because of different bound
metal? In any case the evidence looks quite solid.
2ab0 1296.42 1.1 2 1 DLS 16181642 Protein YajL from E coli, dimer by DLS and
homology to structurally very close human protein
DJ-1 (1p5f)
3epw 1302.63 1.3 2 1 SEC 11292348 Homodimer by SEC. Solved a few times in PDB.
Reference is from first one 1hoz, which lacks part of
a helix in the interface (missing density I guess),
resulting in a much smaller area for the interface.
2g2u 1304.7 1.6 2 1 21294157
16809340
Well studied complex of SHV-1 + BLIP. Kds have
been measured for WT (2uM) and mutants. We had
originally the mutant 3n4i and I have replaced it by
the WT 2g2u.
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2vvt 1340.2 1.7 2 1 MALS,AUC 17568739 Homodimer in solution, from MALS and AUC. They
did a thorough study on this and many related
homologs from other bacteria, characterizing and
crystallizing all of them. Seems very clear
1p5f 1343.76 1.1 2 1 SEC 12855764 Well characterized human DJ-1 protein. We have a
homolog in this list (2ab0). They did SEC and show
data. We originally had a mutant in the list (2rk3),
I've replaced it by WT 1p5f at 1.1A resolution
3itf 1359.9 1.5 2 1 SEC,SGS 21239493 Homodimer by SEC and Sucrose Gradient
Sedimentation, through them they determine a
mass of 31KDa. All data shown
3kd2 1371.5 1.8 2 1 SEC,AUC-SV 20118260 Homodimer by SEC, AUC-SV, showing data, looks
solid. Originally we had mutant 3kda in the list,
replaced by WT 3kd2, resolution 1.8
2w6a 1394.15 1.4 2 1 MALLS, AUC-SE 19136011 Clear case
2y27 1395.2 1.6 2 1 SEC 21388965 Clear case
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2.1 Appendix: algorithmic details 
As an appendix to the Duarte et al BMC Bioinformatics (2012) publication presented in 
this thesis chapter, we will also elaborate in some detail about some of the 
algorithms used in the EPPIC software but not described in the paper’s text. The 
algorithms described below are all implemented in Java in the OWL package, for 
which the source code is available in a Subversion repository at the URL 
svn://bioinformatics.org/svnroot/owl. 
2.1.1 Interfaces enumeration 
The problem here concerns finding out the unique protein-protein interfaces present 
in a given crystal lattice. The crystal lattice is given as an asymmetric unit containing 
one or more protein chains and a space group together with the unit cell parameters. 
From those it is possible to reconstruct the lattice and in principle it is straight 
forward to find the contacting subunits and then the unique set of them.  
Each space group is described by a set of l operators, if we then have n distinct 
chains in the asymmetric unit that gives us a total of m=nl  subunits in the unit cell. 
In principle it suffices with checking the contacts from the first unit cell to all c=26 
neighboring cells, though sometimes it is necessary to go as far as the second shell of 
neighboring cells. In any case an exhaustive search would require checking n2 + nmc 
inter-chain contacts. The algorithm for the actual inter-chain contact calculation is 
explained then in detail in the next section. 
The two main shortcuts taken for the calculation are: a) using bounding boxes that 
are translated around before applying transformations to all coordinates, so that 
there is no need for translating the whole chain or performing inter-chain contact 
calculation when the chains are too far apart in space; b) using symmetry 
redundancy elimination: any two (rotation+translation) operators A, B for which A∙B 
= Identity are equivalent and thus the second operator can be discarded after the first 
one has been trialed. 
The interfaces enumeration algorithm thus proceeds as follows: 
 First all pairwise possibilities within the asymmetric unit are tried, i.e. a total 
of n(n-1)/2 trials.  
 Then contacts between the asymmetric unit chains and each of the other 
asymmetric unit symmetry-related copies in the unit cell are checked, using 
the symmetry redundancy elimination described. A maximum of nm trials are 
performed, fewer if symmetry redundancy exists for the space group. 
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 Finally contacts between the original asymmetric unit and all other 
asymmetric units of neighbouring unit cells are checked. In here we perform 
only translations as the rotations have already been calculated for the first 
unit cell. Before actually performing the translations, the bounding boxes 
alone are translated and checked to see if there is any overlap between the 
original AU and the others. If not the translation can be discarded directly. 
Symmetry redundancy is also checked in order not to repeat equivalent 
operators that already were tried. Thanks especially to the bounding boxes 
shortcuts it is possible to explore even the second cell neighbors, still staying 
within reasonable computing times. 
 The list of interfaces found is then checked for duplicates, based on the sets of 
atoms and residues that were found to be in contact. A final list of unique 
interfaces is output. 
The only remaining task is that of calculations of ASAs which is done with an 
implementation of the Shrake and Rupley algorithm [1] added to the OWL package. 
One needs to calculate the ASA of single chains (ASAuncomplexed) and then that of the 
complexed pairs (ASAcomplexed). So in theory it is enough with calculating the n single 
chains and the N pairs of chains (for each of the N interfaces found). In practice an 
issue with the sampling done in the Shrake and Rupley algorithm appears: the ASA 
of a chain will not coincide exactly with that of a rotation of it (with differences 
between 5-10%), which in the final BSA calculations (ASAuncomplexed-ASAcomplexed) can 
result in negative values for some surfaces. In order to avoid this, one needs to 
calculate ASAs per unique rotation (disregarding translations) and finally obtain the 
BSA values. 
2.1.2 Inter-chain contacts calculation 
The necessary step towards calculating an interface is to establish whether two 
protein chains are in contact. In this context “contact” is defined as any 2 atoms from 
both chains being within a pre-defined cutoff distance, which here we chose to be 6 
Å. 
In order to accomplish this, a novel algorithm implemented in the OWL library for 
calculation of inter-residue graphs (i.e. contact maps or intra-chain contacts 
calculation) was adapted to this purpose. In brief the algorithm uses a geometric 
hashing approach in order to avoid the calculation of all versus all atom distances 
(with complexity O(n2)). The problem is eventually reduced to the calculation of all 
versus all distances within a grid cell plus neighboring ones. The steps are roughly: 
 A 3-dimensional grid with cells of the size of the given contact cut-off is 
constructed. 
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 All atom coordinates are binned into the grid, by using a floor function which 
yields an integer 3-dimensional coordinate (corresponding to a grid cell) for 
each of the atoms. 
 Then distances are calculated: 1) for all atoms within each cell 2) for atoms of 
one cell to atoms of each of the 3D neighboring cells. 
 That results in a partial distance matrix that contains distances for any atom 
pair within the distance cut-off. From there the contact map follows. 
The algorithm was then adapted to the inter-chain contact problem. Essentially the 
problem is the same except that in here the groups of atoms for which we want the 
distances come from two distinct sets I and J (from each of the two chains). The 
algorithm thus proceeds as follows: 
 Before proceeding to grid the space one first calculates bounding boxes for 
each of the protein chains I and J. If the boxes do not overlap there is no 
contact and nothing left to be done. 
 If the bounding boxes overlap then atoms need to be sorted into the grid 
analogously as it was done for the intra-chain contacts. 
 For each grid cell distances between atoms of set I to atoms of set J need to be 
calculated. Then as before for every neighboring cell. 
 We thus end up with a partial distance matrix containing distances within the 
given cut-off. From there the atom inter-chain graph follows. 
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3 An analysis of 
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The amount of transmembrane protein structures solved to date is now large enough to attempt 
large scale analyses. We have compiled the first fully comprehensive set of validated 
transmembrane protein interfaces in order to study their features and assess what differentiates 
them from their soluble counterparts. The general features of TM interfaces do not differ much 
from those of soluble proteins: they are large, tightly packed and possess many interface core 
residues. In our set, membrane lipids were not found to significantly mediate protein-protein 
interfaces. Although no G protein-coupled receptor was included in the validated set, we analyzed 
the crystallographic dimerization interfaces proposed in the literature. We found that the putative 
dimer interfaces proposed for class A GPCRs do not show the usual patterns of stable biological 
interfaces, neither in terms of evolution nor of packing, thus they likely correspond to crystal 
interfaces. We cannot however rule out the possibility that they constitute transient or weak 
interfaces. In contrast we do observe a clear signature of biological interface for the proposed 
dimer of the class F human Smoothened receptor. 
 
Keywords 




Transmembrane proteins (TMPs) play a central role in biology. They are responsible for some of 
the most important functions of cells like signalling, transport and catalysis of important reactions. 
As a consequence, large efforts have been directed at the structural and functional analysis of 
TMPs. This feat required a series of technical and conceptual advances ranging from a detailed 
understanding of TMP reconstitution, purification and crystallization in detergents to approaches 
for optimization of data collection and radiation damage mitigation at synchrotron light sources. 
Those efforts were highly successful and the number of available TMP structures in the Protein 
Data Bank kept increasing exponentially since the first structure determination in 1985 [1]. The 
last 15 years witnessed structure determination breakthroughs in TMP families that had previously 
resisted all efforts, like G-protein coupled receptors and ABC-transporters. According to Stephen 
White’s MPSTRUC database of membrane proteins with known 3D structure 
(http://blanco.biomol.uci.edu/mpstruc), the number of unique membrane protein structures 
available as of 9
th
 April 2013 is 393, a figure that includes not only TMPs but monotopic 
membrane proteins and some other membrane-associated proteins.  
The abundance of high-quality structural data has made it possible to analyze membrane protein 
structures on a much larger scale and with a more solid foundation than only a few years ago. 
Recently studies have been performed on a variety of membrane protein-specific topics such as 
residue propensities at different membrane protein regions [2], lipid interactions [3], alpha-helical 
packing [4] or beta strand interactions [5]. 
This wealth of data makes it also possible to attempt a global analysis of protein-protein 
interactions and oligomerization in TMPs. To this end we compiled a manually curated dataset of 
membrane proteins for which the oligomeric state is well established from biophysical 
measurements and the structure has been determined at high resolution and quality. As analysis 
tool we used our Evolutionary Protein Protein Interface Classifier (EPPIC) [6], which we 
developed as a general approach to distinguish biological interfaces from lattice contacts in crystal 
structures. EPPIC depends on the availability of many homologues to the sequence of the protein 
being analyzed and its classification coverage and performance were retrospectively shown to 
improve, over a time span of 10 years, with the growth of the UniProt database. EPPIC reaches 
90% accuracy on soluble proteins and we set out to assess its performance on our curated TMP 
dataset.  
We also used our dataset to tackle an important issue in membrane protein structural biology: the 
presence and role of membrane lipids in TMP interfaces. The importance of lipids in membrane 
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protein folding and oligomerization has been subjected to study in the last years [7–9]. We would 
like to ascertain whether structural evidence exists that provides any insights into the role of lipids 
in the oligomerization of TM proteins.  
Results and discussion 
The dataset 
We compiled a dataset of protein-protein interfaces that span the transmembrane region. In 
compiling such a dataset we adopted very strict selection criteria. First of all we restricted it to 
high resolution structures obtained from X-ray crystallography of 3-dimensional crystals in order 
to have a high quality and homogeneous dataset. The procedure required manual checking of the 
relevant literature to establish whether the oligomeric state of the TM proteins was known. 
Determining the oligomeric state of TM proteins experimentally is in itself a difficult task. 
Oligomerization can be measured in detergent via Size Exclusion Chromatography or Analytical 
Ultra Centrifugation as it would be the case for soluble proteins. However, the presence of 
detergent micelles and of the detergent belt around MPs complicates matters considerably. More 
sophisticated methods like FRET aim at determining the oligomerization state in vivo by using 
proteins tagged with chromophores and measuring the resonance energy transfer, very sensitive to 
distance [10, 11]. 
Owing to the filtering criteria several important cases were excluded from this dataset: 
 Bacteriorhodopsin: bacteriorhodopsin and archaeal rhodopsins form membranes in vivo 
(purple membrane) which can be considered as natural 2D crystals [12]. Crystallographic 
studies find them associated as trimers in the native environment. However there is 
evidence of bacteriorhodopsin being a monomer in micelles [13] and even of it being 
functional in the monomeric state [14]. It was also solved via crystallization in bicelles [15] 
which resulted in a completely different crystal packing where no trimer association exists. 
Defining what constitutes an oligomer in the context of a 2D natural crystal thus becomes 
problematic. This precludes inclusion in the dataset since we need an independent non-
crystallographic confirmation for the oligomerization state that it is not possible to provide 
for this case. 
 GPCRs: there is a long-standing debate on GPCR oligomerization, see for instance [16–
18]. Even though some experimental data are available and that some interfaces from 
crystal structures have been already proposed as possible dimerization interfaces [19–22] 
many questions remain open. Thus we decided not to include these interfaces in our dataset 
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of bona fide biologically relevant TM interfaces. We did, however, study in detail the 
different proposed dimer interfaces, as described in the GPCR section below. 
 Mitochondrial ADP/ATP carrier: despite it being initially characterized as dimer it was 
later proven to be a monomer [23, 24] and thus the proposed lipid-mediated interface [25] 
was not included in this dataset. See also the Lipids and TM Interfaces section for further 
discussion.  
The dataset comprises 62 oligomeric membrane protein structures with a total of 159 TM protein-
protein interfaces, divided into the two subclasses: 46 from alpha class and 16 from beta class (see 
supplementary tables S1 and S3). This is, to our knowledge, the first fully comprehensive dataset 
of validated TM protein-protein interfaces from crystallography. 
We must note that the oligomerization state of the proteins in the dataset was most of the times 
assessed in a detergent-solubilized state. We cannot rule out the possibility that in some cases 
solubilization with detergents alters the protein association occurring in the cell. In any case it 
remains very difficult with current technologies to reliably assess membrane protein 
oligomerization in vivo. Hence, this analysis represents a best effort providing a snapshot of the 
current knowledge. 
Interface geometry and composition 
The first analysis one can perform on the compiled dataset is in the geometry and composition of 
the interfaces. First of all we calculated the buried surfaces and number of interface core residues, 
which, as shown before for soluble proteins [6, 26] are a strong indication of an interface to be 
biological. Table S1 presents the data for all interfaces. Overall the geometry is quite similar to 
that of soluble proteins with large interfaces (only 7 interfaces below 900 Å
2
) and many core 
residues (only 30 interfaces with 5 or fewer core residues, 15 with 4 or fewer). Following this, it 
seems clear that in terms of geometry (number of core residues) and packing the TM interfaces do 
not differ much from their soluble counterparts. To form stable complexes, protomers need to 
come together forming interpenetrating surfaces with many buried “hot-spots” residues. It thus 
seems that the tight-packing requirement is not only a consequence of the water environment but 
that it is also necessary in the context of the lipid bilayer. 
We found only a few exceptions to the above observation, almost exclusively limited to light 
harvesting and photosynthetic complexes. Those two protein complexes represent special cases 
since they contain a very large amount of chlorophylls and carotenoids. Their oligomerization 
interfaces are not strictly protein-protein but rather protein-cofactor-protein ones.  
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Having confirmed that the packing of the TM interfaces is essentially like that of soluble ones, we 
studied whether any clear compositional differences in terms of the amino acid content can be 
observed. Figure 1 shows a comparison of amino acid frequencies at TM protein interfaces and of 
at soluble protein interfaces. The membrane proteins are sorted into their two major structural 
classes: alpha and beta. It is apparent that in terms of amino acid composition membrane and 
soluble interfaces are also quite similar, with the exception of alanine and glycine. Those two 
residues are clearly overrepresented in TM interfaces compared to soluble ones. Constraints 
imposed by helical packing are possible basis for this overrepresentation. It is known that in alpha 
helical TM domains small amino acids are important to enable helix packing [27]. 
Overrepresentation of Ala and Gly is less obviously connected to the subunit packing of beta TM 
proteins. We hypothesize that the flat interfaces formed by beta-to-beta packing also constrain the 
amino acids at the interface to be small as well as hydrophobic. 
The data can also be presented in term of enrichments of the interface core residues versus the full 
protein (Figure 2) for both TM and soluble interfaces. The enrichments for most hydrophobic 
residues are clustered in the upper right quadrant while most charged or polar residues are 
clustered in the lower left quadrant. Thus for both soluble and TM interfaces the interface core 
residues are enriched in similar ways. Especially surprising is that no significant difference in 
enrichment can be seen for the hydrophobic residues in TM interfaces compared to soluble ones. 
This can be seen in a clearer way in Figure 3, where different properties of amino acids present at 
the interface cores are compared between the two groups of membrane and soluble proteins. 
Lipids and TM interfaces 
We then set out to determine whether membrane lipids can act as mediators in TM interfaces. We 
were not able to find any significant membrane lipid-mediated TM interface in the entire validated 
dataset. This is in agreement with what was found above in the packing. All interfaces present in 
the dataset are tightly packed, not leaving enough room for significant lipid interactions in the 
interfacial space.  
The case of the electron transport megacomplexes deserves to be discussed in some detail. The 
cytochrome bc1, cytochrome c oxidase and Photosystems I and II are possibly the most 
complicated of the known TM protein structures in terms of subunit content, size, topology and 
lack of symmetric features. The interfaces present in these structures are in many cases not purely 
TM but spanning both the soluble and TM regions. Additionally, as is the case with light 
harvesting complexes, the presence of many porphyrin-based cofactors adds to the complexity. 
Some lipids are seen in the interfacial spaces, for instance in the cytochrome bc1 complex [PDB: 
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1ppj] a phosphatidylethanolamine molecule sits in a cavity where it interacts with chains C, D, E 
and J. However, the interaction of these chains occurs also through several extensive contacts on 
both intracellular and extracellular sides of the membrane. 
Another interesting case is that of the bovine mitochondrial ADP/ATP carrier, where it was 
hypothesized that membrane lipids were essential for the interface formation. Initially it was 
characterized as a dimer [28]. Its first crystal structure  [PDB: 1okc] [29] did not exhibit any 
plausible dimerization interfaces, since all of the crystal interfaces where either in an upside-down 
or head-to-tail orientation. Later on a new crystal structure was solved [PDB: 2c3e] where a very 
small interface (220 Å
2
) mediated by cardiolipins was proposed as the dimerization interface, 
though the authors recognized that further experimental support was required [25]. The case was 
finally settled by Bamber et al, who demonstrated in two separate papers that the carrier is actually 
a monomer in detergent [24] and that it also functions as a monomer in vivo [23]. 
The case of bacteriorhodopsin, which we did not include in the dataset as discussed above, also 
deserves mentioning. A belt of lipids is seen in the high resolution crystal structures of 
bacteriorhodopsin from Lipidic Cubic Phase 3-dimensional crystals [PDB: 1m0k] [30], some of 
them located in the inter-trimer space. However the structure of a bacteriorhodopsin [PDB: 1kme] 
crystallized from bicelles [15] exhibits neither the trimeric arrangement nor the mediating lipids. 
An important issue with membrane lipids is that of their high mobility and conformational 
flexibility, which makes it difficult to study them at atomic detail with crystallography. Indeed 
many of the crystallographic reported membrane lipids exhibit regions lacking electron density, 
which sometimes affects the interpretation and positioning of the entire ligand. In cases where 
chemically similar lipidic and detergent molecules are present in the crystal and ligand electron 
density is patchy it may even be challenging to distinguish a lipid from a detergent molecule. 
These issues belong to the broader problem of accurate electron density interpretation for non-
protein ligands [31], which is often a challenge especially at the low resolution ranges typical of 
TM proteins. Independent validation for many ligands in the PDB has been performed and 
deposited in the Twilight server [31], where the ligand validity was objectively measured with a 
real space correlation coefficient (RSCC). Table S2 shows some prominent examples of Twilight 
RSCC values for lipids present in 11 representative alpha membrane proteins. Represented groups 
are bacteriorhodopsins, rhodopsins, potassium channel, ADP/ATP carrier, electron transport 
complexes, photosystems and light harvesting complexes. Out of 120 lipid molecules, 24 (20%) 
are below the Twilight threshold of RSCC 0.6, while 33% are below RSCC 0.7. 
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The above evidence speaks against lipids as mediators of biological contacts. However, they can 
be essential crystallization agents. It has been shown that for a membrane protein to be able to 
crystallize in a LCP mesophase, the lipidic composition of the cubic phase is key to obtain crystals 
[32]. Not only the hosting lipids that form the bulk of the mesophase are important but in some 
cases also adding “doping” lipids like cholesterol is necessary for a successful crystallization [33]. 
Classifying the interfaces with EPPIC 
Once our dataset was compiled we used the method developed in our group [6] to attempt to 
computationally classify the TM interfaces as biologically relevant or not, as we previously did for 
soluble proteins. The EPPIC (Evolutionary Protein-Protein Interface Classifier) method relies on a 
combination of a simple geometrical indicator and of two evolutionary ones in order to classify an 
interface into biologically relevant or crystal lattice contact. It was demonstrated to work well on 
two validated sets of soluble proteins with an accuracy that is close to 90%.  
Results for the TM dataset are presented in Table S1. The overall classification accuracy for this 
ensemble of bona fide biological interfaces is 80%, thus lower than that obtained earlier for soluble 
proteins [6]. It is worth mentioning that, in its current implementation, EPPIC analyzes interfaces 
in a pairwise manner only, without looking at the global assembly of interfaces present in the 
crystal and thus without taking the symmetry of the assembly into account. The symmetry of the 
assembly is indeed a very important factor, especially in membrane proteins where many of the 
known TM oligomers show highly symmetrical arrangements.  
An example where the classification fails is in the structure of the rotor ring of Na-dependent F-
ATP synthase [PDB: 2wgm]. The biological unit of this protein is a highly symmetric assembly 
with C11 point group symmetry, where chains consisting of a helical hairpin repeat 11 times 
around an axis. The core versus surface indicator cannot produce a prediction because of the few 
surface residues that are not interacting with other protomers. At the same time the rims of the 
interfaces happen to be very well conserved, possibly because some of the rim residues are 
involved in the sodium ion coordination. This results in high core versus rim values that fall out of 
the biological cut-off. The related structure of the rotor ring of a proton-dependent ATP synthase 
[PDB: 2wie] is misclassified by EPPIC in a very similar way, with analogous causes. The EPPIC 
method is known to have issues with small chains with little free surface like these cases. However 
the highly symmetric assembly of both cases would make a prediction based on symmetry 




Oligomerization of G protein-coupled receptors is one of the most heavily debated topics related to 
TM interfaces [16, 34]. GPCRs constitute one of the largest protein families in animal genomes 
and are involved in receptor sensing and signal transduction processes, constituting one of the 
prime drug development targets with as much as 40% of drugs in the market targeting GPCRs. All 
members of the family share a very well conserved fold of 7 transmembrane helices and have 
evolved very fine selectivities in signal transduction. The family has been subdivided into 6 classes 
(class A to class F), being the class A of rhodopsin like receptors by far the most populated.  
Most of the oligomerization debate has centered around the class A members where the evidence 
for oligomerization is least convincing. In contrast it is quite well established that class C receptors 
exist as stable dimers. Experimentally, FRET techniques have repeatedly been used for 
establishing association of receptors in the membrane. For instance evidence from FRET exists for 
some class A receptors, like the CXCR4 receptor which was shown to homodimerize or 
heterodimerize with the CCR2 receptor [35] [36]. 
Some dimer interfaces found by inspection of crystal structures have been proposed so far for 
several GPCRs. Distinguishing relevant interfaces in crystal structures is indeed a non-trivial task, 
which has been subject to a large amount of investigation [6, 37–40]. We decided to test the 
different proposed interfaces with the EPPIC method, which in principle is quite agnostic to 
crystallization artifacts, since it uses evolution to judge the biological relevance of an interface. 
The method is more powerful if abundant, relatively close sequence homologs are available for the 
alignments [6], especially if the distribution of identities in the homologs is uniform enough. Thus 
this makes the GPCR case a very suitable target for analysis with EPPIC, since sequence data are 
abundant for most family members. Predictions for this kind of case are a priori of a higher 
confidence. 
We thus analyzed the different proposed interfaces, see Table 1: 
 Bovine rhodopsin [PDB:2i35, 2i36, 2i37] [20]: two crystal forms were solved in the study, 
both containing a similar dimer interface. The trigonal crystal form has 3 molecules in the 
asymmetric unit and the dimer interface appears twice in that form, once between 
monomers A + B and another time between 2 symmetry-related C monomers. The buried 
surface area of the different dimers ranges from ~300 Å
2
 to up to ~700 Å
2, 
which is quite a 
significant variation, maybe attributable to the low resolution of the structures. In any case 
for all of them the packing in terms of number of core (fully buried) residues is typical for 
crystal contacts, ranging from 0 to 2 core residues counting both sides of the interface. The 
EPPIC evolutionary indicators, based on a large alignment of 105 homologs within 60% 
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identity, also suggest a crystal contact in all cases, even though in some of them poor 
packing does not allow the program to make a decision, as EPPIC requires at least 8 
residues buried to 70% in order to produce a prediction. 
It must be noted that the structures were determined at fairly low resolution: 3.7 Å, 4.1 Å 
and 4.2 Å, respectively. In that range of resolution it is quite difficult or impossible to 
properly model side chain rotamers, which may affect the packing quality of interfaces.  
 Human CXCR4 chemokine receptor [PDB:3odu, 3oe0, 3oe6, 3oe8, 3oe9] [21]: five 
receptor structures, bound to a small-molecule antagonist or to a cyclic peptide, were 
solved in several crystal forms. The crystallization constructs were engineered for stability 
by insertion of a T4 lysozyme between TM helices V and VI. This way the lysozyme 
molecule becomes a soluble “domain” of the receptor. A dimerization interface can be seen 
in all of them in a parallel arrangement with poor packing (no core residues at all). The 
artificially inserted lysozyme “domain” is involved in some of those interfaces, which 
accounts for their larger size. We analyzed the evolutionary signal of the interfaces by 
stripping off the lysozyme from the atomic model and found a consistent crystal contact 
signature for all of them. 
 Human -opioid receptor [PDB:4djh] [19]: the receptor was crystallized by engineering a 
T4 lysozyme fusion protein. An interface of 1000 Å
2
, in which the lysozyme is not 
involved, was proposed as dimerization interface. In terms of packing the interface features 
the typical signature of crystal contacts with few core residues (only 2). Evolutionary 
analysis by EPPIC again yields a very clear crystal contact signal, based on an alignment of 
102 homolog sequences within 60% identity of the human -opioid receptor. 
 Turkey 1 adrenergic receptor [PDB:4gpo] [22]: in this case the crystallization strategy did 
not involve engineering of a fusion protein, but a set of stabilizing mutations plus removal 
of a loop. An interface of 800 Å
2
 between NCS-related chains A and B was proposed to 
mediate receptor dimerization. Evolutionary analysis again indicates a clear crystal contact, 
based on an alignment of 49 homologs. Again it must be noted that the structure was solved 
at fairly low resolution. 
In summary none of the proposed class A GPCR dimerization interfaces follow the patterns 
expected for high affinity biological TM interfaces in terms of geometrical packing and evolution. 
From this we can only conclude that if the above mentioned GPCRs do associate in oligomers, 
their association is likely to be weak.  
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Recently a structure of a class F GPCR, human Smoothened receptor [PDB: 4jkv], was solved [41] 
showing yet again the very well conserved 7-TM bundle. A possible dimer interface is also 
observed in the asymmetric unit involving helices IV and V. The structure was engineered fusing a 
BRIL protein N-terminally to the receptor, but BRIL does not participate in the interface. We 
analyzed the interface as before with the EPPIC software and find this time a very different picture 
than for any of the class A receptors above. In this instance the area buried in the interface is fairly 
large (1200 Å
2
) and more importantly each side of the interface buries 4 residues thus counting a 
total of 8 core residues, a good indication of a biological interface. Moreover the evolutionary 
indicators both agree on assigning a biological character to the interface (see Table 1). Thus in 
contrast to those above, we would propose a valid dimerization interface for the human 
Smoothened receptor. In this case, supporting evidence from FRET experiments shows that the 
Drosophila melanogaster Smoothened receptor dimerizes [42] in vivo. The human and fly 
receptors share 43% sequence identity. 
As an additional control for the class A GPCR analysis we analyzed the structure of the 2 
adrenergic receptor complexed with G-protein [43], where a bona fide biological interface exists 
between the receptor and the G-protein. The interface has a larger area than most of those above 
(1200 Å
2
) and more importantly buries 8 residues in total, typical of biological interfaces [6]. The 
evolutionary analysis by EPPIC shows also a very strong signal in both the core-rim and the core-
surface indicators (see last entry of Table 1). It must be noted, however, that this interface, albeit a 
validated GPCR-partner protein interface, is not TM-spanning, which limits its value as a positive 
control. 
Conclusions 
We have carried out a comprehensive study of all known validated TM protein-protein interfaces 
with high resolution and good crystallographic quality. A dataset of biological protein-protein 
interfaces should serve the community by facilitating further studies on membrane protein 
oligomerization. While we are aware that the dataset represent a small sample of the membrane 
protein structure space and is not bias-free, we are convinced that it contains enough data to enable 
useful findings.   
The TM protein interfaces we studied are in broad terms not very different from those of soluble 
proteins: intimate packing with buried residues is needed for stable TM interfaces to form. 
Furthermore the residues involved in the core of the oligomerization surfaces are mostly similar in 
character to those in soluble proteins interfaces with a clear preference for hydrophobic ones, 
though alanine and glycine are to some extent overrepresented in the TM interfaces. 
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Importantly we conclude from our evolutionary analysis that the fingerprint of evolution can be 
detected in TM interfaces almost as well as in their soluble counterparts. TM interfaces possess a 
core of well-conserved residues that can serve to identify them when comparing against the 
average selection pressure of the rim of the interfaces or of the rest of the protein surface.  
Additionally, we could not find significant crystallographic evidence for lipids mediating protein-
protein interfaces in the transmembrane region. It must also be noted that crystallography does not 
seem to be ideally suited for studying membrane lipids, as their electron density almost invariably 
appears incomplete due to high mobility and conformational flexibility. 
We also studied the proposed class A GPCR dimerization interfaces in the literature through our 
EPPIC method, finding that none of them seems to be a stable biological interface in light of the 
geometrical and evolutionary analysis. We cannot however rule out that one or more of the 
analyzed interfaces is a weak/transient biological interface. The recent class F GPCR structure of 
the human Smoothened receptor does in contrast show a clear signature of a biological interface. 
Methods 
Compilation and annotation of new reference dataset 
The MPSTRUC database from Stephen White’s lab was downloaded in XML format on the 5th of 
October 2012. From the entries we kept those that were solved by X-ray crystallography of 3-
dimensional crystals, resolution was better than 2.8 Å and Rfree below 30%. Within those 
constraints, we selected for further screening the best resolution representative of each cluster of 
identical proteins. That resulted in 69 structures from the beta class and 105 from the alpha class. 
We then did manual curation of each of the entries by checking the relevant literature, in order to 
find out whether their oligomerization state was well established and backed up by experimental 
data independent from crystallography. From those we could validate 3 beta monomers, 16 alpha 
monomers, 16 beta oligomers and 46 alpha oligomers. The 62 oligomers were then manually 
inspected in order to find out which of the interfaces were spanning the TM region. We checked 
the membrane location with the help of the OPM [44] and PDBTM [45] databases. Some of the 
interfaces spanned both the TM as well as the soluble regions. In those cases, interfaces that were 
mostly in the soluble regions were discarded. 
Table S1 contains the full list of interfaces together with their buried areas and the EPPIC results 
for each of them. Table S3 contains the annotations and literature references with evidence of their 
oligomerization states. 
Interface geometry and EPPIC analysis 
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Interfaces were calculated with the EPPIC package [6], using the default parameters: cofactors 
were considered as part of the protein surfaces for the ASA calculations whenever they were larger 
than 40 non-Hydrogen atoms. Interface core residues are considered those that bury more than 
95% of their ASAs upon interface formation [26]. For the evolutionary predictions the version 
2013_02 of the UniProt database was used. An evolutionary call could be given if at least 10 
sequence homologs could be found within 60% identity of the query, or if not enough the identity 
cut-off was relaxed to 50%. In the evolutionary scores (core-rim and core-surface), the core 
residues are defined as those burying more than 70% of their ASAs upon interface formation as 
per EPPIC defaults. 
Residue propensities and enrichment 
Statistics were gathered for both our newly compiled biological TM interfaces dataset and several 
datasets of biological soluble interfaces: DCbio [6], PLP [26], Ponstingl dimers [46] and Bahadur 
dimers [47]. The enrichments are defined as the log-odds ratios of frequencies in interface core 
residues (at 95% burial cut-off) with respect to the frequencies of all residues in the full proteins. 
The size of the dots in Figure 2 corresponds to the averaged frequency of each of the amino acids 
in both soluble protein set and membrane protein set. All plots were done with the open-source R 
statistical package [48]. 
The amino acids were grouped as follows: 
 Hydrophobic: Ile, Leu, Met, Phe, Trp, Tyr, Val 
 Polar: Asn, Gln, Ser, Thr 
 Charged: Arg, Asp, Glu, Lys 
 Aliphatic: Ile, Leu, Val 
 Aromatic: His, Phe, Trp, Tyr 
 Small: Ala, Asn, Asp, Cys, Gly, Pro, Ser, Thr, Val 
 Tiny: Ala, Gly, Ser 
Lipid analysis 
In order to find out lipids at interfaces the command line version of EPPIC was used and run with 
two different settings: 1) calculating BSAs ignoring all small molecules, 2) calculating BSAs 
taking molecules of more than 20 non-Hydrogen atoms as attached to their corresponding chains. 
Any change of interface area or interface core residues between the two runs was then inspected 
manually for possible lipid interactions at the interfaces. 
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For the Twilight analysis the version 2013-01-16 of the Twilight annotations was downloaded 
from the program server [31]. 11 representative PDB membrane protein structures were selected 
from the alpha subclass covering some of the most important groups of membrane proteins. Only 
those that contained some lipids and that were present in Twilight, which depends on the PDB 
entries being present in the EDS server [49], could be taken. 
 
List of abbreviations 
EPPIC: Evolutionary Protein Protein Interface Classifier; PDB: Protein Data Bank; GPCR: G-
protein coupled receptor; ASA: Accessible Surface Area; BSA: Buried Surface Area. TMP: Trans 
Membrane Protein. TM : Trans Membrane  
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Frequencies of the different amino acids in both trans-membrane protein interfaces and soluble 
ones. The TM interfaces are further subdivided into alpha and beta classes. The inset in the top left 
is a magnification of the lower part of the plot. 
Figure 2 
Enrichments of amino acids in both trans-membrane protein interfaces and soluble protein 
interfaces. The size of the dots represents the averaged frequencies of amino acids in both soluble 
and membrane protein sets. 
Figure 3 
Frequencies for the different groups of amino acids in interface core residues for either interface 








# seqs. core-rim core-
surface 
2i35 A+A 316.6 0+0 4 105 0.36* -0.29* 
2i36 C+C 684.5 1+1  105 0.46 -0.37 
 A+B 509.9 1+1 2 105 0.97* 0.40* 
2i37 A+B 418.2 0+0 4 105 0.41* -0.31* 
 C+C 413.2 0+0 4 105 0.38* -0.33* 
3odu A+B 1209.3(801.8) 0+0  44 1.34 1.81 
3oe0 A+A 1089.4 0+0  71 1.64 1.84 
3oe6 A+A 1037.6(764.8) 0+0  83 1.69 2.98 
3oe8 B+C 665.2(591.9) 0+0 7 71 1.38* 1.74* 
3oe9 A+B 959.4(877.4) 0+0  90 1.47 1.84 
4djh A+B 1024.0 1+1  102 1.34 1.06 
4gpo A+B 833.5 0+0  49 1.76 2.99 
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4jkv A+B 1237.7 6+6  18 0.51 -1.25 
3sn6 A+R 1263.1 2+6  116,124 0.35 -2.32 
 
The analyzed GPCR interfaces: a set of class A GPCR dimer interfaces proposed in the literature 
plus the proposed dimer interface for the human Smoothened receptor [PDB: 4jkv] and the 2 
adrenergic receptor to G-protein interface [PDB: 3sn6]. In cases where the T4L fusion protein 
contributes to the interface the areas with and without (in brackets) the fusion proteins are shown. 
The evolutionary scores of interfaces where not enough core residues at 70% burial were present 




The full list of all validated TM protein-protein interfaces and the EPPIC values calculated for 
them. Id is the interface identifier, starting from 1 for the largest interface in crystal and higher ids 
for increasingly smaller interfaces. n1 and n2 are the number of homologs used to calculate 
evolutionary scores for each interface partner. If both are below 10, no evolutionary prediction can 
be made and thus a "nopred" appears for the evolutionary calls. In the evolutionary score fields 
(core-rim and core-surface) a few different issues (not shown) can lead to "nopred" calls, e.g. not 
enough core residues, too many mutations in core or rim with respect to wild type etc. Also NaNs 
will be present when no score can be calculated for a number of reasons. The final field contains 
the number of votes (each of the 3 indicators casts 1 vote) that lead to the final call. The value 0 
votes means that the final call was based on applying a hard-area cut-off. 
Table S2 
Twilight values for all lipids of 11 representative TM proteins. The Real Space Correlation 
Coefficient is given (RSCC) and also the final Twilight assessment: Y if the molecule is below the 
RSCC=0.6 threshold and thus was a Twilight positive, i.e. very likely to be wrongly modelled; N if 
its RSCC is above the 0.6 threshold; G if the RSCC of the molecule is above the 0.95 threshold, 
indicating highly confident modelling.  
Table S3 
Manually curated TMPBio dataset, with experimental evidence from the literature. Columns 
are: PDB code, size of validated assembly (number of subunits), the list of all biological interfaces 
in the protein, the list of all TM biological interfaces in the protein (with a “*” if the interface 
spans both transmembrane and soluble regions), the Point Group symmetry, experimental 
technique used to verify the oligomeric state, reference where the evidence was found (given 
mostly as Pubmed links) and comment containing our annotation.  
The table is additionally divided into subsections (with titles in bold in first columns) 
corresponding to the subdivisions present in Stephen’s White MPSTRUC database. All the 
subsection titles have been kept even when no representative PDB structure for the section was 
found, either because of resolution criterium or because no structure could be validated as 
oligomer. 
Experimental evidence abbreviations used: SEC size exclusion chromatography; AUC analytical 
gel filtration; AUC (SV) analytical ultracentrifugation sedimentation velocity; SLS, DLS, LS 
(static/dynamic) light scattering; MALS multi-angle light scattering; MALLS multi-angle laser 
light scattering; CCL chemical cross-linking; FRET fluorescence resonance energy transfer; NMR 
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nuclear magnetic resonance; SAXS small angle X-ray scattering; MS mass spectrometry; native-







































































































Frequency of Amino−Acid Residues




























































































































































































































































Relative Global Propensities of Amino−Acid Residues















































































PDB Id BSA n1 n2 geometry core-rim core-surface final
1a0t 1 1,967.37 55 55 23 bio 0.60 bio -3.11 bio 3 bio
1a0t 2 1,965.86 55 55 23 bio 0.62 bio -3.10 bio 3 bio
1a0t 3 1,964.43 55 55 23 bio 0.61 bio -3.02 bio 3 bio
1af6 1 1,844.06 77 77 23 bio 0.60 bio -2.76 bio 3 bio
1af6 2 1,842.20 77 77 22 bio 0.60 bio -2.76 bio 3 bio
1af6 3 1,840.30 77 77 23 bio 0.60 bio -2.75 bio 3 bio
1ek9 1 2,441.63 96 96 4 xtal 0.74 bio -1.35 bio 0 bio
1ek9 2 2,438.95 96 96 4 xtal 0.69 bio -1.44 bio 0 bio
1ek9 3 2,430.41 96 96 5 xtal 0.70 bio -1.47 bio 0 bio
1eys 1 4,828.53 83 102 57 bio 0.68 bio -7.74 bio 0 bio
1jb0 1 3,967.59 105 107 78 bio 0.38 bio -5.86 bio 0 bio
1jb0 5 1,105.55 49 105 8 bio 0.66 bio NaN bio 3 bio
1jb0 7 915.10 22 22 4 xtal 0.75 bio -1.51 bio 2 bio
1k4c 2 1,081.94 9 9 10 bio 0.73 nopred -2.59 nopred 1 bio
1ldf 1 1,581.38 102 102 23 bio 0.46 bio -2.19 bio 3 bio
1lgh 1 940.40 12 8 3 xtal 0.27 bio -3.85 bio 2 bio
1lgh 3 939.70 12 8 3 xtal 0.27 bio -3.91 bio 2 bio
1lgh 5 600.77 8 8 2 xtal 1.09 nopred -0.60 nopred 1 xtal
1lgh 8 581.01 8 8 1 xtal 1.50 nopred -0.07 nopred 1 xtal
1ppj 14 1,115.12 67 79 3 xtal 0.73 bio -0.39 xtal 2 xtal
1q16 7 824.59 74 74 0 xtal 1.24 xtal -0.41 xtal 3 xtal
1qd6 1 1,441.46 92 92 3 xtal 0.39 bio -2.18 bio 2 bio
1rwt 2 995.20 119 119 10 bio 0.63 bio -1.90 bio 3 bio
1rwt 3 979.02 119 119 9 bio 0.57 bio -1.68 bio 3 bio
1rwt 5 962.82 119 119 9 bio 0.64 bio -1.82 bio 3 bio
1u7g 1 1,707.86 90 90 22 bio 0.94 xtal -1.04 bio 2 bio
1uun 1 1,892.53 29 29 9 bio 0.62 bio -1.51 bio 3 bio
1uun 2 1,891.08 29 29 10 bio 0.56 bio -1.60 bio 3 bio
1v54 4 2,716.39 124 46 42 bio 0.35 bio -4.46 bio 0 bio
1v54 6 1,904.80 82 124 17 bio 0.59 bio NaN xtal 2 bio
1v54 8 1,810.38 102 46 21 bio 0.70 bio NaN xtal 2 bio
1v54 15 1,372.85 118 124 13 bio 0.73 bio -1.38 bio 3 bio
1v54 30 910.99 46 82 6 bio 1.31 xtal 1.46 xtal 2 xtal
1v54 31 718.29 33 102 1 xtal 0.90 nopred -1.51 nopred 1 xtal
1yc9 1 2,581.47 11 11 11 bio 0.47 bio -1.70 bio 0 bio
1z98 1 1,749.51 118 118 26 bio 0.37 bio -3.32 bio 3 bio
1z98 2 1,744.76 118 118 23 bio 0.40 bio -3.52 bio 3 bio
2b2f 1 1,905.34 31 31 35 bio 0.84 xtal -1.35 bio 2 bio
2bhw 1 915.74 119 119 7 bio 0.53 bio -1.73 bio 3 bio
2bhw 2 915.19 119 119 8 bio 0.53 bio -1.71 bio 3 bio
2bhw 3 910.88 119 119 7 bio 0.53 bio -1.72 bio 3 bio
2bs2 3 2,050.12 16 16 8 bio 0.81 xtal -1.08 bio 2 bio
2f2b 1 1,764.89 24 24 26 bio 0.63 bio -1.13 bio 3 bio
2fgr 1 1,232.88 10 10 15 bio 0.35 bio -3.24 bio 3 bio
2gr8 2 1,089.95 8 8 11 bio 1.04 nopred 1.66 nopred 1 bio
2gr8 3 1,087.53 8 8 9 bio 0.86 nopred 1.78 nopred 1 bio
2gr8 4 1,082.06 8 8 10 bio 0.93 nopred 2.05 nopred 1 bio
2j1n 1 1,570.40 110 110 18 bio 0.72 bio -0.69 xtal 2 bio
2j1n 2 1,566.71 110 110 18 bio 0.78 xtal -0.66 xtal 2 xtal
2j1n 3 1,564.96 110 110 18 bio 0.69 bio -0.89 xtal 2 bio
2j58 1 4,294.95 107 107 15 bio 0.56 bio -5.60 bio 0 bio
2j58 2 4,285.26 107 107 20 bio 0.51 bio -5.82 bio 0 bio
2j58 3 4,257.43 107 107 20 bio 0.53 bio -6.00 bio 0 bio
2j58 4 4,256.53 107 107 17 bio 0.52 bio -5.69 bio 0 bio
2j58 5 4,255.17 107 107 20 bio 0.50 bio -5.96 bio 0 bio
2j58 6 4,248.70 107 107 19 bio 0.55 bio -6.04 bio 0 bio
2j58 7 4,242.90 107 107 19 bio 0.51 bio -5.94 bio 0 bio
2j58 8 4,200.38 107 107 20 bio 0.51 bio -5.82 bio 0 bio
2j7a 23 671.21 9 9 4 xtal 0.69 nopred -0.14 nopred 1 xtal
2j8c 1 4,808.45 75 106 79 bio 0.52 bio -7.99 bio 0 bio
2j8s 1 3,320.38 106 106 14 bio 0.35 bio -2.85 bio 0 bio
2j8s 2 3,145.04 106 106 10 bio 0.32 bio -2.76 bio 0 bio
2j8s 3 2,818.52 106 106 10 bio 0.56 bio -2.20 bio 0 bio
2mpr 1 1,877.41 76 76 23 bio 0.57 bio -2.74 bio 3 bio
2mpr 2 1,873.89 76 76 23 bio 0.54 bio -2.84 bio 3 bio
2mpr 3 1,868.01 76 76 22 bio 0.54 bio -2.82 bio 3 bio
2o4v 1 2,018.80 27 27 17 bio 0.76 xtal -2.78 bio 2 bio
2o4v 2 2,015.21 27 27 17 bio 0.77 xtal -2.75 bio 2 bio
continued on next page
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PDB Id BSA n1 n2 geometry core-rim core-surface final
2o4v 3 1,996.42 27 27 16 bio 0.75 xtal -2.78 bio 2 bio
2o9d 1 1,829.57 101 101 30 bio 0.46 bio -2.52 bio 3 bio
2o9d 2 1,717.59 101 101 29 bio 0.45 bio -2.50 bio 3 bio
2qi9 1 1,882.77 94 94 6 bio 0.60 bio -3.11 bio 3 bio
2w2e 1 2,553.53 14 14 28 bio 0.46 bio -0.94 xtal 0 bio
2wgm 5 1,924.29 77 77 31 bio 0.81 xtal NaN nopred 1 xtal
2wgm 8 1,922.22 77 77 31 bio 0.80 xtal NaN nopred 1 xtal
2wgm 11 1,919.28 77 77 30 bio 0.86 xtal NaN nopred 1 xtal
2wgm 19 1,915.75 77 77 31 bio 0.84 xtal NaN nopred 1 xtal
2wgm 20 1,915.47 77 77 32 bio 0.79 xtal NaN nopred 1 xtal
2wgm 21 1,914.82 77 77 31 bio 0.83 xtal NaN nopred 1 xtal
2wgm 22 1,914.72 77 77 32 bio 0.85 xtal NaN nopred 1 xtal
2wgm 33 1,900.78 77 77 30 bio 0.80 xtal NaN nopred 1 xtal
2wgm 35 1,897.38 77 77 31 bio 0.80 xtal NaN nopred 1 xtal
2wgm 38 1,895.48 77 77 31 bio 0.80 xtal NaN nopred 1 xtal
2wgm 44 1,887.79 77 77 30 bio 0.79 xtal NaN nopred 1 xtal
2wie 1 1,909.58 103 103 35 bio 1.19 xtal NaN nopred 1 xtal
2wie 2 1,889.23 103 103 33 bio 1.20 xtal NaN nopred 1 xtal
2wie 3 1,877.42 103 103 35 bio 1.22 xtal NaN nopred 1 xtal
2wie 4 1,867.64 103 103 34 bio 1.21 xtal NaN nopred 1 xtal
2wie 5 1,856.78 103 103 33 bio 1.36 xtal NaN nopred 1 xtal
2wjn 1 4,693.27 18 102 57 bio 0.79 xtal -4.95 bio 0 bio
2wlj 1 2,247.77 9 9 13 bio 0.86 nopred -1.22 nopred 0 bio
2wlj 2 2,183.44 9 9 10 bio 0.61 nopred -1.90 nopred 1 bio
2wsw 2 715.72 23 23 3 xtal 0.45 bio -0.33 xtal 2 xtal
2zfg 1 1,440.50 104 104 19 bio 0.78 xtal -1.74 bio 2 bio
3arc 1 6,054.21 101 82 111 bio 0.80 xtal NaN nopred 0 bio
3arc 4 3,644.40 113 82 41 bio 2.05 xtal NaN xtal 0 bio
3arc 5 3,250.90 101 102 29 bio 1.15 xtal NaN bio 0 bio
3b9w 1 1,983.85 15 15 28 bio 0.49 bio -4.20 bio 3 bio
3c02 1 1,591.30 6 6 22 bio 0.33 nopred -1.82 nopred 1 bio
3cx5 6 1,491.21 28 104 5 xtal 1.03 xtal -0.49 xtal 3 xtal
3d5k 1 2,739.74 102 102 7 bio 0.59 bio -2.27 bio 0 bio
3d5k 2 2,738.93 102 102 10 bio 0.58 bio -2.46 bio 0 bio
3d5k 3 2,726.55 102 102 8 bio 0.65 bio -2.37 bio 0 bio
3d9s 1 1,558.88 87 87 22 bio 0.55 bio -1.84 bio 3 bio
3d9s 2 1,547.05 87 87 21 bio 0.62 bio -1.68 bio 3 bio
3d9s 3 1,542.02 87 87 22 bio 0.58 bio -1.54 bio 3 bio
3d9s 4 1,527.44 87 87 24 bio 0.53 bio -1.75 bio 3 bio
3gd8 1 1,515.83 35 35 16 bio 0.35 bio -2.46 bio 3 bio
3hb3 1 3,887.81 30 106 26 bio 0.53 bio -4.90 bio 0 bio
3jqo 1 2,342.02 10 10 4 xtal 0.83 xtal 1.78 xtal 0 bio
3jqo 2 2,336.49 10 10 5 xtal 0.85 xtal NaN xtal 0 bio
3jqo 3 2,327.38 10 10 5 xtal 0.84 xtal NaN xtal 0 bio
3jqo 4 2,323.32 10 10 6 bio 0.77 xtal NaN xtal 0 bio
3jqo 5 2,306.63 10 10 5 xtal 0.78 xtal NaN xtal 0 bio
3jqo 6 2,306.03 10 10 5 xtal 0.87 xtal NaN xtal 0 bio
3jqo 7 2,299.34 10 10 5 xtal 0.88 xtal NaN xtal 0 bio
3jqo 8 2,299.00 10 10 5 xtal 0.73 bio NaN xtal 0 bio
3jqo 9 2,291.00 10 10 5 xtal 0.77 xtal NaN xtal 0 bio
3jqo 10 2,288.86 10 10 5 xtal 0.81 xtal 2.37 xtal 0 bio
3jqo 11 2,280.57 10 10 5 xtal 0.79 xtal NaN xtal 0 bio
3jqo 12 2,276.64 10 10 5 xtal 0.82 xtal 1.90 xtal 0 bio
3jqo 13 2,273.28 10 10 5 xtal 0.91 xtal NaN xtal 0 bio
3jqo 14 2,227.60 10 10 5 xtal 0.79 xtal 1.02 xtal 0 bio
3k3f 1 1,689.32 0 0 12 bio 1,000.00 nopred NaN nopred 1 bio
3kcu 1 1,615.51 111 111 16 bio 0.69 bio -1.87 bio 3 bio
3kcu 2 1,581.06 111 111 16 bio 0.56 bio -2.03 bio 3 bio
3kcu 3 1,491.53 111 111 17 bio 0.57 bio -2.10 bio 3 bio
3kcu 4 1,487.20 111 111 17 bio 0.57 bio -2.10 bio 3 bio
3kcu 5 1,426.85 111 111 16 bio 0.54 bio -2.17 bio 3 bio
3kly 1 1,689.28 34 34 16 bio 0.64 bio -1.27 bio 3 bio
3kly 2 1,646.64 34 34 17 bio 0.58 bio -1.41 bio 3 bio
3kly 3 1,637.08 34 34 16 bio 0.57 bio -1.45 bio 3 bio
3kly 4 1,631.44 34 34 16 bio 0.58 bio -1.35 bio 3 bio
3kly 5 1,616.54 34 34 17 bio 0.56 bio -1.51 bio 3 bio
3ldc 1 821.44 3 3 5 xtal 0.30 nopred -1.62 nopred 1 xtal
3m71 1 1,490.55 11 11 10 bio 0.64 bio -1.62 bio 3 bio
3pik 1 2,662.31 33 33 4 xtal 0.82 xtal -0.82 xtal 0 bio
3rlf 1 3,993.60 103 89 30 bio 0.31 bio -5.97 bio 0 bio
continued on next page
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Table S1 – continued from previous page
PDB Id BSA n1 n2 geometry core-rim core-surface final
3tdo 1 1,711.47 15 15 23 bio 0.72 bio -2.71 bio 3 bio
3tdo 2 1,610.37 15 15 24 bio 0.63 bio -2.94 bio 3 bio
3tdo 3 1,603.49 15 15 24 bio 0.57 bio -3.06 bio 3 bio
3tdo 4 1,595.40 15 15 22 bio 0.62 bio -2.92 bio 3 bio
3tdo 5 1,581.25 15 15 22 bio 0.62 bio -2.89 bio 3 bio
3tij 1 1,259.18 105 105 10 bio 0.51 bio -2.27 bio 3 bio
3vzt 1 1,452.94 78 78 14 bio 0.43 bio -2.51 bio 3 bio
4a01 1 3,265.69 111 111 61 bio 0.32 bio -5.68 bio 0 bio
4av3 1 2,838.90 10 10 47 bio 0.56 bio -2.83 bio 0 bio
4f4s 1 1,633.16 107 107 28 bio 0.98 xtal NaN nopred 1 xtal
4f4s 5 1,577.73 107 107 28 bio 0.87 xtal NaN nopred 1 xtal
4f4s 6 1,567.80 107 107 29 bio 0.84 xtal NaN nopred 1 xtal
4f4s 7 1,553.88 107 107 26 bio 1.00 xtal NaN nopred 1 xtal
4f4s 9 1,545.24 107 107 28 bio 0.82 xtal NaN nopred 1 xtal
7ahl 1 2,817.31 3 3 11 bio 0.96 nopred 0.14 nopred 0 bio
7ahl 2 2,809.31 3 3 11 bio 1.07 nopred 0.83 nopred 0 bio
7ahl 3 2,793.55 3 3 13 bio 0.89 nopred 0.14 nopred 0 bio
7ahl 4 2,789.40 3 3 12 bio 0.85 nopred 0.15 nopred 0 bio
7ahl 5 2,785.36 3 3 12 bio 0.88 nopred 0.05 nopred 0 bio
7ahl 6 2,763.94 3 3 12 bio 0.90 nopred 0.16 nopred 0 bio
7ahl 7 2,745.04 3 3 12 bio 1.04 nopred 0.50 nopred 0 bio
88
Table S2
PDB Lipid name Chain & Residue RSCC Resolution Valid
3a7k L3P A 331 0.254 2.00 Y
3a7k L2P A 295 0.324 2.00 Y
3a7k L3P A 298 0.333 2.00 Y
3a7k L3P A 296 0.384 2.00 Y
3a7k L3P B 331 0.388 2.00 Y
3a7k L3P A 297 0.425 2.00 Y
3a7k L2P D 293 0.428 2.00 Y
3a7k L3P D 330 0.429 2.00 Y
3a7k L3P A 301 0.435 2.00 Y
3a7k L2P D 294 0.447 2.00 Y
3a7k 22B D 300 0.456 2.00 Y
3a7k L1P B 293 0.463 2.00 Y
3a7k L3P A 299 0.511 2.00 Y
3a7k L2P B 295 0.512 2.00 Y
3a7k L1P B 294 0.515 2.00 Y
3a7k L1P A 293 0.547 2.00 Y
3a7k L3P A 333 0.548 2.00 Y
3a7k 22B A 300 0.595 2.00 Y
3a7k L2P B 296 0.644 2.00 N
3a7k L2P A 294 0.727 2.00 N
3a7k 22B B 300 0.819 2.00 N
1xio PEE A 310 0.690 2.00 N
1xio PEE A 311 0.710 2.00 N
1xio PEE A 307 0.711 2.00 N
1xio PEE A 312 0.717 2.00 N
1xio PEE A 313 0.735 2.00 N
1xio PEE A 309 0.741 2.00 N
1xio PEE A 315 0.756 2.00 N
1xio PEE A 306 0.788 2.00 N
1xio PEE A 304 0.796 2.00 N
1xio PEE A 303 0.799 2.00 N
1xio PEE A 302 0.839 2.00 N
1xio PEE A 305 0.850 2.00 N
1xio PEE A 308 0.857 2.00 N
2ei4 L2P A 280 0.606 2.10 N
2ei4 22B A 270 0.618 2.10 N
3ddl PX4 B1415 0.638 1.90 N
3ddl PCW B1416 0.642 1.90 N
3ddl SXN A1401 0.689 1.90 N
3ddl SXN B1401 0.792 1.90 N
2z73 PC1 B1004 0.836 2.50 N
1k4c DGA C1001 0.639 2.00 N
1okc PC1 A 983 0.517 2.20 Y
1okc CDL A 802 0.614 2.20 N
1okc PC1 A 980 0.792 2.20 N
1okc PC1 A 981 0.807 2.20 N
1okc CDL A 801 0.843 2.20 N
1okc PC1 A 982 0.859 2.20 N
1okc CDL A 800 0.874 2.20 N
2c3e CDL A 802 0.654 2.80 N
2c3e CDL A 800 0.819 2.80 N
2c3e CDL A 801 0.898 2.80 N
1ppj PEE D2006 0.676 2.10 N
1ppj CDL P3003 0.798 2.10 N
1ppj CDL D2003 0.812 2.10 N
1ppj PEE Q3006 0.857 2.10 N
1ppj CDL G2004 0.861 2.10 N
1ppj CDL T3004 0.889 2.10 N
1ppj PEE P3007 0.916 2.10 N
1ppj PEE C2007 0.940 2.10 N
3arc DGD d 755 0.360 1.90 Y
3arc DGD D 755 0.388 1.90 Y
3arc LMG Z 784 0.482 1.90 Y
3arc LMG z 784 0.540 1.90 Y
3arc LMG C 776 0.558 1.90 Y
3arc LHG e 772 0.610 1.90 N
3arc SQD B 668 0.613 1.90 N
3arc SQD d 768 0.623 1.90 N
continued on next page
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Table S2 – continued from previous page
pdb lipid name chain & residue RSCC resolution valid
3arc LMG c 776 0.646 1.90 N
3arc SQD a 667 0.682 1.90 N
3arc LHG E 772 0.701 1.90 N
3arc SQD L 668 0.707 1.90 N
3arc SQD A 667 0.736 1.90 N
3arc SQD D 768 0.755 1.90 N
3arc LMG a 751 0.772 1.90 N
3arc LMG A 751 0.786 1.90 N
3arc LMG d 692 0.860 1.90 N
3arc LMG c 729 0.868 1.90 N
3arc LMG C 729 0.870 1.90 N
3arc LMG D 692 0.893 1.90 N
3arc LMG B 669 0.892 1.90 N
3arc SQD a 659 0.907 1.90 N
3arc SQD A 659 0.905 1.90 N
3arc DGD c 661 0.910 1.90 N
3arc DGD c 660 0.910 1.90 N
3arc DGD C 660 0.920 1.90 N
3arc LMG b 669 0.926 1.90 N
3arc LHG D 714 0.924 1.90 N
3arc LHG d 714 0.924 1.90 N
3arc DGD H 663 0.927 1.90 N
3arc DGD h 663 0.931 1.90 N
3arc LHG l 694 0.942 1.90 N
3arc DGD C 657 0.944 1.90 N
3arc LHG D 664 0.943 1.90 N
3arc DGD C 661 0.947 1.90 N
3arc DGD c 657 0.946 1.90 N
3arc LHG d 664 0.952 1.90 G
3arc LHG L 694 0.955 1.90 G
3arc LHG d 702 0.960 1.90 G
3arc LHG D 702 0.972 1.90 G
1rwt DGD G9632 0.883 2.72 N
1rwt DGD A 632 0.882 2.72 N
1rwt DGD B2632 0.889 2.72 N
1rwt DGD D5632 0.889 2.72 N
1rwt DGD H6632 0.890 2.72 N
1rwt DGD H7632 0.890 2.72 N
1rwt DGD E4632 0.897 2.72 N
1rwt DGD I8632 0.897 2.72 N
1rwt DGD B1632 0.902 2.72 N
1rwt DGD D3632 0.902 2.72 N
1rwt LHG A 630 0.923 2.72 N
1rwt LHG G6630 0.925 2.72 N
1rwt LHG B1630 0.928 2.72 N
1rwt LHG D3630 0.930 2.72 N
1rwt LHG E4630 0.930 2.72 N
1rwt LHG J9630 0.931 2.72 N
1rwt LHG H7630 0.935 2.72 N
1rwt LHG C2630 0.933 2.72 N
1rwt LHG F5630 0.935 2.72 N







































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































This thesis offers a comprehensive study on protein-protein interfaces, a topic central 
to structural biology. These interfaces, being mediators of protein-protein 
interactions, are in effect responsible for much of the complexity of biological 
systems. 
Many aspects of protein interfaces were investigated. By studying them we mainly 
aimed at solving an important problem inherent to protein X-ray crystallography: 
the classification of crystal interfaces into biologically relevant ones (specific) and 
crystal lattice contacts (non-specific). Both soluble and transmembrane protein 
interfaces were studied, contributing to the generality of the results. The most 
important outcomes of this work are summarised below. 
A new effective method for the computational classification of crystal interfaces was 
proposed and shown to be accurate by using sets of validated biological and crystal 
contacts. The method relies mostly on evolutionary data to classify interfaces, thus 
offering a completely new perspective compared to the alternative available 
methods for solving the problem. Furthermore the classification was tested with 
good success in both soluble and transmembrane protein interfaces. 
New datasets of validated biological and crystal interfaces were compiled. These 
datasets constitute a valuable resource in their own as they represent the first 
available datasets that center on the difficult to classify interface area region. Thanks 
to them important aspects of the interfaces could be uncovered, especially the fact 
101
that the presence of fully buried residues –interface core residues– is a necessary 
condition for an interface to be specific. 
Additionally a new dataset –the first of its kind– of validated transmembrane 
protein-protein interfaces was compiled offering a test-base for the analysis of 
transmembrane interfaces. Among other things it allowed us to establish the validity 
of the principles observed for soluble proteins also in membrane protein interfaces. 
Using conservative sequence alignments and simple sequence conservation 
measures allowed us to uncover the features present on protein surfaces and in 
particular to detect the footprint of evolution on protein interfaces. The robustness of 
the predictions and their future potential were demonstrated in a retrospective 
analysis that used historical sequence data of the last 10 years. 
The applicability of the method to important structural biology problems was shown 
by the study of putative dimerization interfaces of G-protein coupled receptors 
(GPCRs). That analysis clearly showed the potential of EPPIC in offering new 
hypotheses and as a complement that enhances the structural data. 
As a final but very important outcome, a robust implementation of the method was 
developed, both as a command-line software package and as a web user interface, 
made available to the structural biology and bioinformatics communities through a 
web server. The availability of such tool should contribute to discoveries and new 
hypotheses in structural biology. 
4.1 Applications to Structural Biology 
As a demonstration of the predictive power of our EPPIC evolutionary method we 
now present a few prominent examples of crystal structures where our method not 
only clarifies the possible biological interfaces present in the crystal but also offers 
new biological hypotheses based on the structural data. 
4.1.1 The kinase domain of epidermial growth factor receptor 
The structure of the EGFR kinase domain was solved by Zhang et al in 2006 [1] 
[PDB: 2gs2]. They proposed that the activation mechanism of the EGFR is based on 
the dimerization they observed in the structure. Two possible putative dimer 
interfaces are present in the crystal structure: a symmetric one on a 2-fold axis with 
an area of ~950 Å2 and an asymmetric one, with a slightly larger interface area. 
EPPIC shows a very clear biological signal for the asymmetric interface while the 
symmetric interface is classified as crystal contact by the two evolutionary 
indicators. An asymmetric (or heterologous in Monod’s nomenclature, see the 
Introduction to this thesis) interface is in principle not viable since it leads to infinite 
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helical-like assemblies. However in this context, the protein solved constitutes only 
one of the (soluble) domains of a much larger transmembrane protein and thus such 
heterologous interface is viable in the full length assembly. 
The prediction of EPPIC confirms the dimerization mechanism that Zhang et al 
proposed, validated by them through a series of mutagenesis experiments. They 
provided further support to the hypothesis by pointing out that the two EGFR 
kinase domains interact analogously to CDK2 and cyclinA in their complex [2], with 
EGFR monomer A (the activated kinase) corresponding to CDK2 and monomer B 
corresponding to CyclinA. 
 
Figure 1 A screenshot of the EPPIC web server with the predictions for the first interfaces of 2gs2. Interface 1 is 
the one identified in the study of Zhang et al as the relevant one, whilst interface 2 is the symmetric one that they 
see as not relevant. The prediction comes in 3 separate columns for each of the 3 indicators plus a “Final” column 
with the final decision. The first column is for the geometrical indicator while the other two columns are the two 
evolutionary indicators: core-rim score and core-surface score. 
4.1.2 Human RhoA and the effector domain of the protein Kinase 
PKN/ PRK1 
The structure of human RhoA complexed with the effector domain of the protein 
kinase PRK1 (also referred to as PKN) was solved in 1999 by Maesaki et al [3] [PDB: 
1cxz]. The crystal contains two fairly large interfaces between the RhoA and PRK1, 
referred to by the authors as “contact 1” and “contact 2”. The chosen asymmetric 
unit is the one containing contact 1 (largest interface) and it is the interface towards 
which most of the analysis in the paper is focused. The authors do acknowledge in 
any case that contact 2 is a potentially valid interface and end up concluding that 
both interfaces are relevant. They based the hypothesis on existing evidence of RhoA 
binding PRK1 in a 2:1 stoichiometry [4], although in the crystal they can only 
measure a 1:1 stoichiometry from SDS-PAGE and time-of-flight type MS [3].  
Later Modha et al [5] solved by NMR the structure of the homologous protein Rac1 
complexed with its effector PRK1 [PDB: 2rmk]. The interface observed in that NMR 
complex was analogous to  contact 2 of the earlier crystal structure. 
Finally in 2011 the same group settled the issue with a mutagenesis analysis [6] 
where they clearly demonstrate that “contact 2” is the only valid interaction interface 
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for the RhoA and PRK1 complex. In an Alanine scanning experiment they select 
residues to mutate from both sites (contact 1 and contact 2), using a scintillation 
proximity assay to measure an apparent Kd. The residues that significantly reduced 
the affinity in the Alanine scan were all located in contact 2. 
We analysed with our EPPIC method the original crystal structure [PDB: 1cxz] and 
found a clear crystal signal for interface 1 and a very clear biological signal for 
interface 2. Despite its smaller size in terms of buried area, interface 2 also contains 
many more core residues than interface 1. The evolutionary analysis of both core-rim 
and core-surface indicators also confirms the geometry indication based on 
alignments of 105 homologs for the RhoA (chain A) and 15 homologs for the PRK1 
(chain B). 
 
Figure 2 The EPPIC output screenshot for 1cxz. The biological signal for interface 2 is very clear from all 3 
indicators, whilst interface 1 is predicted to be a crystal contact. 
This particular case thus offers a fantastic example of how EPPIC can be applied to 
specific problems in structural biology and enhance the structural data with the 
predictive power of evolutionary signal provided by the sequence data. 
4.1.3 The Zinc transporter CzrB from Thermus Thermophilus 
Zinc transporters are a large family of transmembrane proteins with representatives 
in eukaryotes like zinc tranporter-3 (ZnT-3) and ZnT-8 and also in bacteria, with 
representatives like YiiP in E Coli or CzrB in Thermus Thermophilus. The cytoplasmic 
C-terminal domain of CzrB was solved by Cherezov et al [7] in both the Apo [PDB: 
3byp] and Zn-bound [PDB: 3byr] forms. The Apo (Apo-CzrB) and Zn-bound (Zn-
CzrB) structures are almost identical in terms of tertiary structure, but in terms of 
their interfaces there is an important difference in a putative dimer interface seen in 
both, being the interface area for Zn-CzrB (~950 Å2) much larger than that of Apo-
CzrB (~400 Å2). The authors propose that both structures are dimers, having also 
some additional data from Size Exclusion Chromatography, SAXS and NMR to 
support it. From there they hypothesize a mode of action for the transporter based 
on modelling done with the homologous full length structure of YiiP from E Coli 
[PDB: 2qfi] published in 2007 [8]. A higher resolution structure of YiiP [PDB: 3h90] 
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came only a couple of years later [9]. The sequence identity between the two full 
length proteins is around 32%, but structurally they seem to be extremely well 
conserved. A superposition of YiiP and the C-terminal domain of Zn-CzrB produces 
an almost perfect fit not only for the tertiary structure but also for the dimer 
interface. 
 
Figure 3 The proposed hinge of Cherezov et al: the blue ribbon corresponds to the interface seen in the Zn-bound 
structure (3byr) whilst the red one is the Apo structure (3byp). Adapted from Figure 2 in Cherezov et al [7] 
Cherezov et al proposed a possible mode of action based on their Apo and Zn-
bound structures: the full length transporter goes from an open (Apo) to closed (Zn-
bound) conformation. Only the closed one allows enough space for a chaperone to 
bind laterally. 
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 Figure 4 The proposed mode of action of the full length CzrB Zn transporter. Left the Apo structure showing the 
putative “open” interface and right the Zn-bound structure showing the “closed” interface. Adapted from Figure 
8 in Cherezov et al [7] 
However, looking at EPPIC classification for interfaces of both structures (3byp and 
3byr) it is striking to see that the Zn-bound form (3byr) presents a clear biological 
signal from the evolutionary indicators, whilst in the Apo structure (3byp) the 
proposed dimerization interface has too little packing to even measure a biological 
signal on it. In fact its area falls into what the EPPIC classifier calls the hard area 
limit for crystal contact [10]. Thus following these predictions, we would rather 
propose that the Apo dimer interface is just a crystal contact and does not say much 
about the unbound state. Experimental evidence was given by the authors for the 
Apo molecule to behave as dimer in solution. We can only hypothesize that some 
kind of weak dimer equilibrium exists, but based instead on the 1st interface seen in 
the crystal (with an area of ~750 Å2). 
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 Figure 5 The EPPIC output screenshot for 3byr showing the clear biological signal foun in interface 1 
 
Figure 6 The EPPIC output screenshot of 3byp. Interface 1 was proposed as relevant but no signal can be seen by 
the EPPIC software. Additionally the interface area is extremely small for what is typical in biological interfaces. 
Our hypothesis is backed by the high resolution Zn-bound full-length structure of 
the E coli homolog YiiP [PDB: 3h90]. It dimerizes not only through the interface in 
the C-terminal domain seen above but also through an important “charge interlock” 
salt bridge occurring at the C-terminal end of the transmembrane domain [9], an 
interaction that would not be possible to satisfy in the above proposed open 
conformation. Further the models based on EM maps of the Apo structure [11] also 
do not support the mode of action proposed by Cherezov and colleagues. The 2010 
review by Dax Fu [12] also puts the model into doubt by stating “the lack of a critical 
dimeric association in the CzrB fragment structures raises the question as to the 
functional relevance of the observed conformational change”. 
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 Figure 7 The interface 1 of the Zn-bound CzrB transporter [PDB: 3byr]. One of the chains is depicted with a 
surface representation where coloring indicates sequence entropy values (high conservation in blue, going 
towards yellow and orange in lower conservation). The other chain is depicted in cyan in cartoon representation. 
The residues that constitute the core of the interface (burial >70%) are shown with magenta dots. The interface is 
very clearly located at the well conserved patch. 
4.2 Shortcomings 
We have been able to identify a few issues in the current implementation of the 
EPPIC method which represent weak points and lead in some cases to interface 
misclassifications or wrong assembly inference.  
An example of such an issue which we were able to partially correct was that of the 
treatment of large ligands. We came across the problem by studying haemoglobin, 
which in most vertebrates is a well-established tetramer composed of 2 alpha and 2 
beta subunits in a D2 pseudosymmetry. The protein has been solved many times and 
thus has many representatives in the PDB, for human and also other vertebrate 
species. In many of the structures analysed the two core-rim and core-surface 
evolutionary indicators had high values above the crystal contact cut-off for the two 
biological interfaces of the assembly, thus resulting in the wrong classification of the 
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interfaces. By looking at the sequence entropies color-mapped onto the protein 
surface, we realized that the main reason behind it was the heme pocket: in 
haemoglobin very deep pockets in each of the protomers hold the heme molecules 
and residues surrounding the heme are extremely well conserved. 
 
Figure 8 A representation of the hemoglobin tetramer [PDB: 2d5z]. One of the alpha subunits is shown in surface 
representation colored by sequence entropy values. The other chains are in cartoon representations. The heme 
molecule can be seen in its deep pocket where residues lining it are very well conserved. 
Those residues were then considered as surface for the core-surface indicator and 
thus were biasing the background entropy distribution towards lower (more 
conserved) values. The solution that we decided to implement was that of treating 
large ligand molecules as attached to their corresponding protomers in order to 
calculate ASAs. In that way the residues in direct contact with the cofactor would 
not then be counted as surface residues but as protein interior. This procedure could 
solve the problem for at least some of the haemoglobin cases, see for instance the 
structures [PDB: 2d5z] or [PDB: 2dn3]. 
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 Figure 9 The EPPIC output screenshot for 2d5z. All residues in surface, including the ones facing the heme 
molecule, were considered for the core-surface score. The final prediction fails for interfaces 2 and 3. 
 
Figure 10 The EPPIC output screenshot for 2d5z where now heme pocket residues are not considered to be at the 
surface in order to calculate the core-surface score. The prediction changes from “xtal” to “bio” in interfaces 2 
and 3. 
Another example of a molecule where a ligand caused bias in the surface entropy 
distributions can be seen in the structure of the mouse lung carbonyl reductase 
[PDB: 1cyd] [13]. The protein is a tetramer and uses NADPH and NADH as 
coenzymes. As with haemoglobin the cofactors sit in deep pockets in the surfaces of 
each of the monomers, where residues lining the pocket are very well conserved. 
The EPPIC analysis by considering and not considering the ligands vary quite 
dramatically. 
 
Figure 11 The EPPIC output screenshot for 1cyd where residues in contact with the cofactors are considered as 
surface in the core-surface score calculation. Interface 2 is predicted wrongly as crystal contact. 
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 Figure 12 The EPPIC output screenshot for 1cyd, this time residues in contact with the cofactors were not 
considered as surface residues for the core-surface score calculation. 
Another issue that has produced misclassifications is that of poor multiple sequence 
alignments. As described in the Duarte el al paper [14] we use a 60% identity cut-off 
for selecting homologs, going down to 50% if not enough homologs exist. The 
strategy clearly showed advantages when measuring the performance of the method 
in our datasets of biological interfaces. However a problematic issue appears when 
only very similar-to-query sequence homologs exist, e.g. an alignment that contains 
sequences with identities around 90% but no other sequences with lower identities. 
The entropy variability measure in such cases has a low information content, in fact 
most of the alignment columns will show an entropy value of 0 or very close, 
leading to very little detectable signal at the interfaces. An example of such a case is 
that of sheep’s alpha-beta tubulin heterodimer [PDB: 4drx] [15]: tubulin is an 
extremely well conserved protein in all eukaryotes, from human to plants or even to 
yeast. Sequence identities for most homologs are above 80% or even 90% to that of 
the sheep tubulin, thus the alignment that EPPIC can produce has reduced 
information content, making it more problematic finding evolutionary signal at the 
surface.  
The case where a big gap in sequence knowledge for the particular query is present 
is also problematic: known sequence homologs can be found only in the 50% 
identity-to-query region but no other homologs in between. An example would be 
the structure of quinate dehydrogenase from Corynebacterium Glutamicum [PDB: 
3jyo] where almost all sequence homologs known are around the 50% identity to the 
query.  
In practice this kind of poor alignments tends to happen most often in bacterial, 
archaeal or viral proteins where proteins evolve at the fastest pace. That combines 
with the fact that the sampling of sequence space is still very limited for the bacterial 
world in comparison to that of high eukaryotes. Hopefully lower costs and even 
higher throughputs of sequencing technologies enabling more metagenomics studies 
will make this problem disappear eventually.  
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As a final issue frequently found, we can also mention classification problems in 
small proteins or in proteins with very large interfaces compared to their free 
surfaces. In these cases it is not possible for the core-surface method to make a 
prediction as not enough residues are available to sample properly the background 
entropy distribution. The same problem surely applies as well to peptide-protein 
interfaces, where we find difficulty in assigning scores to the peptide side of the 
interface. Additionally the peptide case presents challenges in finding homologs 
when the sequences are very short. The case of the rotor ring of Na-dependent F-
ATP synthase [PDB: 2wgm] [16] is an example where no core-surface score can be 
calculated since the monomers are small compared to the interfaces. 
4.3 Outlook 
The methods developed in this thesis have demonstrated to offer a lot of potential in 
understanding protein crystal structures in the light of evolution. These results are 
then very encouraging for exploring further paths and continuing development in 
the project. 
The main missing piece in the project is most obviously the automatic inference of 
quaternary structures based on the crystal structure. At the moment we are able to 
provide an opinion of whether a particular interface, in which a pair of protein 
chains comes together, represents a bona-fide biologically relevant interface. From a 
set of all pairwise biologically relevant interfaces in a crystal one can in principle 
construct the full assembly most likely constituting the biological assembly. 
However our EPPIC method cannot at the moment assemble the different interfaces 
automatically. Such a development would surely facilitate many analyses in 
bioinformatics or structural biology. 
Most importantly the implementation of such a method would aid enormously in 
the task of classifying pairwise interfaces. It is only in the context of the full assembly 
in the protein crystal where all factors can be properly assessed in order to predict a 
biological unit. In here a fundamental feature, ignored by the EPPIC method so far, 
should bring a lot of new insights: symmetry. 
Symmetry is a prevalent feature of biological macromolecules and one of the most 
prominent “driving forces” of protein oligomeric assemblies. In fact as presented in 
the Introduction it is a necessity in the case of homomers. Assembly of multiple 
pieces of the same monomer can only occur if the surfaces that interact are all 
satisfied at the same time in a closed symmetry. Otherwise the protein would 
aggregate into infinite fiber-like assemblies [17]. But symmetry does not stop in 
homomers, it is also pervasive in heteromeric structures. The PDB has in fact as of 
May 2013 out of 84000 protein structures, 22000 C2 symmetry molecules, 2800 with 
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C3 symmetry, 1400 with other cyclic symmetries, 4500 D2, 1500 D3 and 857 other 
dihedral symmetries. A further 800 molecules present icosahedral, tetrahedral or 
octahedral symmetries. 
We anticipate that a combination of our pairwise interface classification together 
with symmetry considerations will enhance greatly the predictive power of the 
evolutionary indicators. The most straight forward idea to implement comes from 
the fact that crystal contacts are unlikely to happen in high symmetries. They are 
surely not unusual in the case of the most simple point group symmetry C2, as 
already pointed out by Bahadur et al [18]. The authors compiled a dataset of what 
they call “crystal dimers”, i.e. crystal contacts occurring at 2-fold axes, thus resulting 
in C2 assemblies. On the contrary evidence for crystal contacts occurring in higher 
point group symmetries is scarce. In fact in the case of cyclic symmetry, crystal 
contacts are in principle only possible in point groups C2, C3 or multiples thereof. Of 
course the asymmetric unit can then produce any other kind of point group 
symmetry. We would then hypothesize that any observed point group symmetry in 
the crystal with interfaces of significant areas, constitutes a very strong indication of 
a biological assembly, provided that the symmetry is Cn with n>2 or Dn. 
Another important idea for future explorations is that of interface prediction and 
protein-protein docking. We have seen so far that the evolutionary signal is clear 
enough in order to classify interfaces given their precise locations at the protein 
surfaces. The next logical step is that of finding the location of the interface, given 
the structure of just one of the protomers. The problem presents clearly many more 
challenges and would require development of an algorithm capable of rapidly 
sampling the different potential binding patches in order to measure their 
evolutionary signals. Combination of commonly used methods in the docking field 
would most definitely be needed to boost the predictive power.  
A few other new ideas are still to be developed, for instance we envisage that our 
method could prove very useful in validation of crystal structures or even in 
validation of oligomeric models created with computational methods. Exploring the 
potential of EPPIC in the context of validation would require extensive analysis by 
using redundant PDB structures with different qualities or sets of decoy models for 
which a crystal structure is known. 
Surely more applications of the main method are still possible and can bring new 
insights into structural biology problems. For instance hybrid experimental methods 
that aim at determining the structure of super-complexes like the Nuclear Pore 
Complex would benefit from our evolutionary predictions. In those cases the 
assembly of the full complex needs to be reconstituted from the different crystal 
structures of the parts and built into low resolution EM maps. 
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All in all we are hopeful that the ideas developed in this thesis will be able to bring 
new knowledge, offer hypotheses to test and in general enhance the wealth of 
structural and sequence data available. 
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As mentioned in the Introduction, the development of the OWL software library was 
instrumental for the implementation of the main project of this thesis. The 
development predates the work carried out at the Paul Scherrer Institute and was 
performed together with colleagues at Michael Lappe’s group at the Max Planck 
Institute for Molecular Genetics in Berlin. The main topic of research there was that 
of protein structure prediction and analysis via the use of network representations. 
In this Appendix we thus present two publications I co-authored where some of that 
analysis was done.  
The main topic of the publications is that of the representation of proteins as contact 
maps (equivalent to networks of residue interactions) and how one can reconstruct 
back the 3-dimensional structures from them. This is in fact connected to the main 
topic of this thesis since contact maps can also be used to represent the interaction 
between two different protein chains and thus can offer a neat simplified 
representation of a protein interface. This for instance has a very real connection to 
the current project as the interface calculation algorithm was based in the algorithm 
developed to calculate the intra-chain contacts (see the Appendix to Chapter 2). 
The first publication “Optimal contact definition for reconstruction of contact maps” 
deals with the issue of determining what constitutes a good contact decomposition 
for a protein based on its ability to reconstruct its 3-dimensional structure. The 
second publication “CMView: interactive contact map visualization and analysis” is 
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an Application Note for the CMView software package developed at Michael 
Lappe’s group. The software constitutes a very convenient and powerful analysis 
toolbox in dealing with proteins and contact maps, especially thanks to its 
connection to the well-known PyMOL molecular viewer which allows for immediate 
visualization of the contacts in the 3D structure. 
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Research articleOptimal contact definition for reconstruction of 
Contact Maps
Jose M Duarte*1,2, Rajagopal Sathyapriya1, Henning Stehr1, Ioannis Filippis1,3 and Michael Lappe1
Abstract
Background: Contact maps have been extensively used as a simplified representation of protein structures. They 
capture most important features of a protein's fold, being preferred by a number of researchers for the description and 
study of protein structures. Inspired by the model's simplicity many groups have dedicated a considerable amount of
effort towards contact prediction as a proxy for protein structure prediction. However a contact map's biological
interest is subject to the availability of reliable methods for the 3-dimensional reconstruction of the structure.
Results: We use an implementation of the well-known distance geometry protocol to build realistic protein 3-
dimensional models from contact maps, performing an extensive exploration of many of the parameters involved in 
the reconstruction process. We try to address the questions: a) to what accuracy does a contact map represent its 
corresponding 3D structure, b) what is the best contact map representation with regard to reconstructability and c) 
what is the effect of partial or inaccurate contact information on the 3D structure recovery. Our results suggest that 
contact maps derived from the application of a distance cutoff of 9 to 11Å around the Cβ atoms constitute the most 
accurate representation of the 3D structure. The reconstruction process does not provide a single solution to the 
problem but rather an ensemble of conformations that are within 2Å RMSD of the crystal structure and with lower 
values for the pairwise average ensemble RMSD. Interestingly it is still possible to recover a structure with partial 
contact information, although wrong contacts can lead to dramatic loss in reconstruction fidelity.
Conclusions: Thus contact maps represent a valid approximation to the structures with an accuracy comparable to 
that of experimental methods. The optimal contact definitions constitute key guidelines for methods based on contact
maps such as structure prediction through contacts and structural alignments based on maximum contact map 
overlap.
Background
For over 30 years [1,2] contact maps have been used as an
alternative representation of protein structures. A con-
tact map is a 2-dimensional representation of the residue
interactions in a protein structure. This 2-dimensional
representation takes the form of a binary matrix. A given
cell (i, j) of the matrix can only take two values, 1 if the
residues i and j are in contact or 0 otherwise. The defini-
tion of interaction varies but it is usually based on some
cut-off distance between the atoms of the two residues.
One can also see this description from another perspec-
tive as a residue interaction graph (RIG) with residues as
nodes and the contacts as edges. In this view the binary
matrix is no more than the adjacency matrix representing
the graph.
Although they constitute a simple 2-dimensional repre-
sentation of the molecule, contact maps still capture all
important features of a protein fold. As such they are an
invaluable tool for the analysis of biological macromole-
cules. They provide a computationally tractable represen-
tation of an otherwise complex problem, with the
important advantage of being structural descriptors inde-
pendent of the coordinate frame. Thus providing a sort of
internal coordinates description, rotationally and transla-
tionally independent. However the simplified representa-
tion loses on accuracy as compared to the original 3-
dimensional model. Multiple applications can be found in
the literature that make use of the concept. Contact maps
have been used for development of structural alignment
algorithms [3,4], for automatic domain identification
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[5,6], in structural modelling by the extraction of contact-
based empirical potentials [7-10] or for the identification
of residues critical for folding [11], stability [12] and func-
tion [13]. Furthermore they have been used as a proxy for
3-dimensional structure prediction by means of machine
learning techniques in order to predict residue contacts
from sequence information [14-18].
Several methods have been proposed in the past for the
reconstruction of contact maps. Most of them develop
around the common mathematical theory of distance
geometry first applied to chemistry by Blumenthal [19].
The theory took really off when Crippen and Havel [20]
applied it to the problem of protein structure determina-
tion by NMR methods. In a typical NMR experiment dis-
tances between spatially close Hydrogen atoms can be
determined for a protein in solution through the detec-
tion of the Nuclear Overhausser Effect (NOE) [21]. The
NOE data can be seen then as a set of distance ranges
between some pairs of Hydrogen atoms. Distance geome-
try deals with distances between points and their embed-
ding in 3-dimensional space. In principle given a proper
metric matrix with all exact distances among a set of
points an analytical solution to the embedding can be
found easily. The problem becomes more complicated
when not all distances are given (sparse distance map)
and when only distance ranges rather than exact dis-
tances are known. This is the case of the NMR experi-
ments and equivalently of contact maps: we know some
distance ranges between pairs of atoms for which we
would like to find 3-dimensional coordinates. A heuristic
algorithm (named EMBED) to solve the problem was
proposed by Crippen and Havel and has been applied
extensively ever since. Other algorithms have been pro-
posed such as the alternating projection algorithm by
Glunt et al. [22] or the geometric build-up algorithm by
Wu and Wu [23].
However the problem of reconstructability of protein
contact maps has not been fully addressed in the litera-
ture. A few studies [24-26] have tried to evaluate the
accuracy of the existing methods but they all lack in com-
pleteness of the test set and thorough assessment of the
different parameters or do not provide fully realistic pro-
tein models but only Cα traces.
Our aim here is twofold. We would like to find what is
the reconstruction accuracy for an average protein so that
the limits of the utility of contact maps in protein struc-
ture prediction can be precisely assessed. As a second aim
we are looking for optimal criteria in the definition of a
contact map decomposition model: atoms selected as
interaction centres and distance cut-off. By decomposing
a representative set of PDB protein structures into resi-
due interaction graphs and then reconstructing them
based purely on the contact information we should be
able to assess the accuracy and loss of information in the
decomposition process by comparing to the original
native structure (see Figure 1). If a specific contact map
model that reconstructs optimally can be found, that
would help direct efforts in prediction of contact maps.
Previous work has looked at optimality of contact defini-
tion from very different points of view, mainly in relation
to how well contacting pairs describe the residue propen-
sities when discriminating decoys from native structures.
Here we look at it in a purely geometrical way, we are
intending to find out how much of the 3D geometrical
topology is captured by the network of contacts. Addi-
tionally by introducing artificial noise in the contact maps
we also look at the effect of inaccurate contact informa-
tion in the 3-dimensional recovery, essential to the appli-
cability of contacts for predictive purposes.
Results and Discussion
We studied the reconstructability of a set of representa-
tive native PDB protein structures (see Methods). Firstly
we decomposed the native proteins into contact maps
with different contact type definitions and for several dis-
tance cut-offs. Then we used our reconstruction software
to recreate the 3D structures based solely in the informa-
tion supplied by the contact maps.
Figure 1 Schematic representation of the optimization proce-
dure. 1) the native structure is decomposed into contact maps based
on different definitions, 2) the 3D structure is reconstructed from con-
tact information only, obtaining an ensemble of conformations, 3) the
accuracy is measured against the original structure. The protein shown
is PDB structure 1bxyA. The ensemble corresponds to 6 reconstruc-
tions (ribbon representation) in different colours and also contains the






Duarte et al. BMC Bioinformatics 2010, 11:283
http://www.biomedcentral.com/1471-2105/11/283
Page 3 of 10
To measure the accuracy we then proceed by evaluating
the RMSD of the generated models with the original
structure. We measured the RMSD on the Cα atoms over
all residues, independent of whether the reconstructions
were based on Cα contact maps or not. This seems to be a
well-established way of measuring the similarity between
two structures especially when they are closely related
and should facilitate the comparison to other published
work. Another well-established method for structure
comparison, GDT [27], was not deemed to be appropriate
here as it is most useful in comparing structures over a
broader range of dissimilarity as is the case in the CASP
experiment.
Optimal cut-off
In Figure 2 we present the accuracy of reconstruction as
measured by RMSD vs. the distance cut-off for contact
maps based on Cα, Cβ and Cα + Cβ contact-types (see
Methods for contact-type definitions).
The range of cut-offs chosen was based on values previ-
ously used in the literature keeping them within a bio-
chemically sensible range: the minimum cut-off was 6Å
as values below result in too sparse contact maps. At the
other end we chose 15Å since beyond that the contact
map starts to lose in information content becoming fully
connected.
The first interesting observation is the existence of an
optimal cut-off for all the contact types. This optimal
value is not very precisely defined in most cases, it seems
to span the cut-off distances from 9 to 11Å with higher
cut-offs having only a marginal loss of accuracy. However
we consider of a more significant value the lower cut-offs.
First of all because of the biochemical meaning of the
contacts. It is in the region about the 8Å cut-off where
our definition of contact lead to distances between atoms
that are in the range of the Van der Waals interactions.
Also the information content of the contacts should be
taken into account. As shown in Figure 3a the practically
unchanged accuracy values in the higher cut-off regions
are accompanied by an increase in the total number of
contacts (the number of contacts increases roughly lin-
early with the distance cut-off ). Thus we could see this as
a loss of information content per contact i.e. we are add-
ing a lot more information that is simply redundant. Fig-
ure 3b illustrates this better by representing the gain in
accuracy with respect to contacts added vs the distance
Figure 2 Accuracy of reconstructions. Reconstruction Cα RMSD vs. distance cutoff for each of the contact definitions. Plotted are the mean accuracy 
values for the set of 60 proteins for Cα, Cβ and Cα + Cβ contact definitions. Horizontal lines mark the minimum RMSD for each of them. The error bars 
represent the standard deviation across the distribution of 60 proteins.
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cut-off. The accuracy gain occurs only up to 8Å, after that
there is no change as more contacts are added.
Additionally no dependence on the protein length
across all cut-offs could be observed (see Figure 5). The
reconstruction process seems to work with the same
accuracy as measured by RMSD regardless of the protein
size. This holds across all proteins tested (data not
shown) and is in agreement with what similar studies
found [26,24].
Our RMSD vs distance cut-off plots show no further
improvement in accuracy beyond the optimal cut-off
region. This is in clear disagreement with [26] where the
reconstruction quality is reported to further increase for
cut-off values as big as 18Å. This can be explained by the
fundamentally different procedure of computing the
reconstructed models: in our case an all atom approach
with realistic regularization of the coordinates through a
restraint-only harmonic potential was used for the con-
struction of the models.
Vassura et al. on the other hand uses a simpler Cα trace
model, without a final refinement phase. Optimal thresh-
old values found here are in agreement to some of the
reported optimal values found in other studies. There has
been many attempts in the past to find an optimal contact
map definition with respect to both distance cut-off and
interaction centre. The optimizations were based in dif-
ferent criteria according to what the focus was in the par-
ticular study.
Some authors like Gromiha et al. [28] studied the corre-
lation of relative contact order with folding rate, finding
that from several cut-offs 8Å gave the best correlations
for the Cα contact type when considering long range
interactions only.
Karchin et al. [7] found that residue burial expressed as
contact counts performs best at fold recognition for Cβ
contact type with a cut-off of 14Å. Similarly Benkert et al.
[8] used the same residue burial measure and surprisingly
found that a cut-off of 9Å was optimal, possibly due to
differences in normalisation procedures. Quite a few
studies tried to find an optimal contact definition based
on the discriminatory power of contact-based empirical
potentials in distinguishing decoys from native struc-
tures. Bolser et al. [9] found that the best performing two-
body potential was that derived from Cβ contact defini-
tion with a 12Å cut-off. Vendruscolo et al. [29] found that
for the Cα contact type the best cut-off was at 8.5Å for a
two-body contact potential.
As contact maps are only meaningful in the context of
obtaining 3D protein models the reconstructability crite-
rium should not be neglected when considering a contact
definition for instance in the prediction of contacts. Con-
tacts containing more geometrical information will be
more valuable when building 3-dimensional models. This
is of special importance if we consider that the recon-
struction of contact maps seems to be possible even with
sparser contact maps (see [30,31]), which means that
contacts even at optimal definitions still seem to contain
redundant information.
Optimal interaction centre
Comparing the accuracy values between the Cα, Cβ and
Cα + Cβ cases (see Figure 2) it is apparent that Cα + Cβ per-
forms better across the whole range of cut-offs tested,
with Cβ alone doing also better than Cα. Figure 4 shows
again this comparison for proteins divided into their
respective SCOP classes. The trend holds within each of
the SCOP classes.
Melo et al. [10] studying distance dependent empirical
potentials explored several interaction centres conclud-
ing that the Cβ atom was the best performing atom centre.
Figure 3 Number of contacts and reconstruction accuracy. a)
RMSD values for the protein 1bkrA using Cα as contact definition, the 
size of the dots represent the total number of contacts in the contact 
map for a particular cutoff. The red curve is a linear fit to a polynomial.
b) RMSD delta over delta of number of contacts against the cut-off for 
Cα contact definition for the average of the 60 proteins in the data set. 
The red curve is again a linear fit to a polynomial.
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This seems to be a widely accepted result as indicates the
use of the Cβ contact type for the contact prediction cate-
gory at the Critical Assessment of protein Structure Pre-
diction (CASP) experiment [32].
Our study, purely based on the 3D geometrical infor-
mation content of the contacts, confirms the preference
for Cβ as the interaction centre of choice. It seems natural
that Cβ is better in order to derive empirical potentials as
it spans both the backbone and the side-chain. But also it
is a superior point of choice for embedding a 3D structure
from interatomic distance restraints. The interaction cen-
tre is able to capture geometrical information for the
backbone positioning as well as for the orientation of the
side-chain leading to a more precise 3D description.
Also of interest is the fact that the combination of both
Cα and Cβ contacts leads still to better reconstruction per-
formance, indicating that there is some more backbone
information not contained in the Cβ restraints. This sug-
gests an approach in the homology modelling of proteins
based on distance restraints (see [33-35]): using two
atoms per residue to restrain the geometry will lead to
more precise models. We also obtained better accuracy
results (data not shown) by choosing a backbone atom
and a side-chain atom farther away from the Cβ.
Reconstructions for different SCOP classes
We then address the question of whether the reconstruc-
tion process is dependant of the type of protein. In order
to do so we separate our 60 proteins into the four SCOP
classes to which they belong to, each of the classes con-
taining 15 structures. Figure 4 shows the accuracy values
for each of these four classes. The results hold for other
cutoffs. It is striking that the accuracy and spread of the
all-β group is significantly better than that of the other
three. Interestingly the median values are not very far
away for the 4 classes but the variances are hugely differ-
ent especially for the all-beta case. Contrary to this result,
in a similar study Saitoh et al. [24] stated that they did not
encounter a dependency of the accuracy of reconstruc-
tion based on the SCOP class. This might be explained by
the much smaller test set used in that study, 11 proteins
in total and only 2 in the all-β class. Vassura et al. [26] did
find some differences across different classes especially a
lower accuracy for the all-a class, which we also observe
here.
Figure 4 Variability for different SCOP classes. Reconstruction accuracy comparison for proteins in the four SCOP classes, using boxplots to depict
the distributions of RMSD values. There are exactly 15 proteins per class from the set of 60 PDB representatives. a) For Cα b) for Cβ and c) Cα + Cβ, all
three at 9Å cutoff.
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Variability of the reconstruction ensembles
The reconstruction process inherently leads to a non-
unique solution fully matching the contact map. We stud-
ied the variance of the ensemble of reconstructed struc-
tures. The average spread of the pairwise RMSD among
the ensemble structures is in most cases below 2Å. In
Table 1 we present the spread values for a 12 proteins
subset (see Methods). An example ensemble can be seen
in Figure 1.
As seen in Figure 1 the reconstruction ensemble is rem-
iniscent of an NMR structure ensemble, not surprisingly
as both are based on fitting 3D coordinates to distance
restraints. This shows another advantage of the contact
map representation, namely that the conformational flex-
ibility of the molecules is implicit in the model.
Comparison to previous studies
For completeness of this work we compare our results to
those of two previously published reconstruction meth-
ods [26,25]. In Figure 5 we present our results (black) for
the set of 17 proteins used by Vendruscolo et al. and sub-
sequently by Vassura et al. together with their results (red
and green respectively). Our RMSD values are higher in
most cases. Remarkably the values of Vassura et al. are a
lot lower. However caution should be taken in this com-
parison as they do not report on the variability (error) of
the result. As their algorithm (like the others) is stochas-
tic the evaluation of the variability across different runs is
important to consider. Another important issue to take
into account is that these two previous studies are using a
simpler representation of proteins, namely one based on
only the Cα atoms. In contrast here we are constructing
full atom protein chains with realistic bonds and angles.
This leads to higher RMSD values as more geometrical
constraints need to be fulfilled.
Tolerance to missing contacts and noise
As a final part of the study we then address the question
of reconstruction of contact maps in the more realistic
scenario of incomplete or noisy maps, which is likely to
be the case when the input is a predicted set of contacts.
To do this instead of using real predictions, for instance
from homology or machine learning methods, we simu-
late incomplete and noisy contact maps to thoroughly
explore the effect of noise in the process of reconstruc-
tion.
Figure 6a presents the reconstruction accuracy versus
the percentage of contact deletion. Thus we are simulat-
ing a prediction that misses contacts but with a 100% pre-
Figure 5 Comparison to previous studies. Comparison of our reconstruction RMSD values (black) with those of Vassura et al. (green) and Ven-
druscolo et al (red). The set is the one used by Vendruscolo and subsequently by Vassura. Two proteins were eliminated from their set because of 
ambiguities with the data. The error bars are for the variability across different runs (not reported by Vassura).
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cision. The striking observation here is that the
reconstruction seems to be very robust to missing infor-
mation, thus indicating that there is a lot of redundancy
in the contacts. A previous study in our group [30] deals
with this problem in more depth and finds that one can
even predict rationally a subset of contacts that somehow
contain the most structural information.
Interestingly enough there seems to be a non-linear
relationship in the information redundancy with respect
to cut-off. Figure 6b represents as before the reconstruc-
tion RMSD versus the deletion of contacts but this time
only for contact type Cβ and different cut-offs. The loss of
accuracy with lower percentage sampled subsets seems to
decrease with higher cut-offs. Thus for the same percent-
age deletion one can recreate the original structure better
with contact maps of higher cut-offs, i.e. the redundancy
is higher. The second test that we perform intends to
asses the robustness of the 3D recovery process with
respect to the presence of noise, the case of a more realis-
tic prediction with false positives. Figure 6c represents
the reconstruction accuracy versus the percentage of
noise added. The behaviour here is totally different than
before. An addition of only 2% of random contacts
severely affects the 3D recovery process. The Cβ defini-
tion behaves better at all levels of noise.
An existing application [36] is reported to perform bet-
ter with noisy contact maps, but this seems to be due to
their pre-filtering based on finding well connected nodes,
equivalent to finding contact clusters. As the test is
against randomly added contacts this is not a very realis-
tic filtering. In a real scenario a) one would not have all
well-connected real contacts of the native map and b) the
false positives would be very different from random
noise. Thus we argue that the filtering used in FT-
COMAR based in common neighbours is not realistic
and so the reported tolerance to noise could not be
extended to real situations. In our case we have tested the
robustness of the algorithm still against random noise
(which in principle would have a different distribution
than predicted false positives) but we do not perform any
pre-filtering. We believe this to constitute a more realistic
benchmark.
The tests performed here are based on randomly gener-
ated inaccurate contact maps which in principle differ
significantly from ab-initio predictions. However from
our results here we could conclude that with adequately
precise ab-initio contact predictions one could produce
reasonable models. In fact we applied successfully some
of these ideas in the CASP8 community-wide experiment
for structure prediction [37]. In that case we used tem-
plate-based contact maps that led to 3D models compara-
ble to those of established methods. The non-random
noise of the template-based maps did not seem to affect
significantly the 3D recovery.
Conclusions
In this work we have studied the viability of computing
3D protein models from contact maps. We assessed the
Table 1: RMSD of reconstruction ensembles.
PDB code SCOP class Length Ensemble's average RMSD
1bkrA all-α 109 1.93
1oddA all-α 118 2.76
1cemA all-α 363 1.69
1pzcA all-β 123 1.52
1onlA all-β 128 1.67
1eurA all-β 365 2.49
1e6kA α/β 130 1.91
1o8wA α/β 146 1.71
1edeA α/β 310 1.62
1r9hA α + β 135 3.11
1ugmA α + β 125 2.17
1iu4A α + β 331 3.70
The 12 proteins subset with chain lengths and the average pairwise RMSD of the reconstruction ensembles, based on Cβ contact maps with 
8Å cut-off.
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performance of a reconstruction procedure based on the
well known distance geometry protocol used extensively
in NMR protein structure determination.
We perform a comprehensive evaluation covering a
representative set of the PDB spanning the 4 SCOP
classes. We then explore several possible contact map
definitions and evaluate the accuracy of the reconstruc-
tions based on RMSD to the available native structure.
We found that contacts based on the Cβ atoms are a
better description of the 3-dimensional model than those
based on Cα, confirming other studies that used one-body
and two-body empirical contact-based potentials for fold
recognition to find this optimum. Reconstruction accu-
racy can be further improved by using the two contact
definitions together Cα + Cβ.
With regards to contact cut-offs we found that the opti-
mal lies in the region from 9 to 11Å. We do not observe,
contrary to previous studies [26] that the accuracy
improves for higher cut-offs. Because of the increasing
amount of contacts that higher cut-off contact maps
yield, we preferred as an optimal threshold the lower end
of the optimal range. A contact map based on a 9Å cut-off
achieves maximal geometrical information per contact.
Interestingly the accuracy of the reconstruction seems
to be different for different classes of proteins. Particu-
larly the all-β SCOP class yields very good accuracies
across all its members as compare to the other classes,
leading to the conclusion that some topologies are more
amenable to be described in terms of single atom distance
restraints.
These results are particularly valuable for the contact
prediction community. As contact prediction ultimately
aims at obtaining 3-dimensional models of protein struc-
tures the usage of our optimal contact definition findings
should contribute to better accuracies of the predictions.
At the same time the results can be useful in the struc-
tural alignment of proteins through contact map overlap
[3]. These methods seek a 3D alignment by optimising a
contact map overlap measure. Clearly contacts that con-
tain better 3-dimensional information should lead to
improved results in the final alignments.
Further our 3D recovery procedure seems to perform
also very well even if only a partial subset of the contacts
is available. With as little as 40% of the contacts reason-
ably good models can be produced. On the contrary the
method is very sensible to the presence of non-real con-
tacts. The introduction of restraints at random points in
the chain is simply fatal for the recovery of the original
structure. This indicates that contact predictions should
focus on accuracy rather than coverage.
Methods
Reconstruction pipeline
This study is based on the TINKER molecular dynamics
package [38], available at http://dasher.wustl.edu/tinker.
In particular the distgeom [39] program was used for the
generation of 3-dimensional protein models from dis-
tance restraints which is at the core of the contact map
reconstruction procedure.
An interface to the TINKER package was developed
(Java) providing a single command line executable as a
one stop solution for contact map reconstruction, taking
contact maps as input and outputting PDB files. The soft-
ware is multiplatform (Linux, Windows and Mac) and
only requires a working copy of the TINKER package
locally installed.
We have made our program freely available under the
terms of the GPL v.2 at http://www.molgen.mpg.de/
~lappe/reconstruct.
Figure 6 Reconstruction for incomplete or noisy maps. Behaviour 
of the reconstruction algorithm with noise or incomplete data. a) ran-
dom subsets are sampled for Cα and Cβ maps, b) random subsets are 
sampled for Cβ maps at different cut-offs (7, 9, 11 and 13, with different
colours) and c) random contact noise is added to the map (Cα and Cβ 
maps). The 12 proteins subset (see Methods) was used for this analysis.
For each of the levels of noise 10 random samples were taken and 30 
models generated. The variability within the different proteins in the 
set is represented with the error bars.
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Reconstruction procedure
We generated distance restraints from the contact maps
in the form of lower and upper bounds restraints for pairs
of atoms (with standard value of 100.0 kcal/Å2 for the
force constant). The restraints were then fed into dist-
geom to generate a total of 30 models per structure using
simulated annealing for refinement. The extensive study
performed required a substantial amount of computation
as we had 60 proteins, 3 contact-type definitions and 19
cutoff bins from 6 to 15 with 0.5 step. This gave a total of
3420 contact maps, for each of them we computed 30
structures in order to have a statistically meaningful sam-
pling of the reconstruction space, resulting in a total of
102,600 models. The computations were carried out in a
distributed fashion on a Linux cluster with over 100
CPUs.
The conformations found through the distance geome-
try protocol can not distinguish between the 2 enantiom-
ers of the molecule, as chirality information is simply not
present in the contact map. We overcome this problem by
comparing to the native molecule through RMSD. The
RMSD values for the conformation ensemble are found to
be distributed bimodally, by simply choosing the lowest
third of models as ranked by RMSD we are sure not to be
falling into the wrong enantiomer.
Contact maps and distance restraints
We used two definitions of contact maps in this study: Cα
and Cβ. Two atoms were considered to constitute a con-
tact when their euclidean distances where below the
given cut-off. In the Cα model the backbone Cα atom for
each residue is chosen, whilst for the Cβ model the Cβ
atom of the side chain of each residue is taken, except for
Glycine where we use the Cα atom.
For the reconstruction procedure we then need the
contacts to be translated into distance restraints.
Restraints were generated only for pairs of atoms corre-
sponding to the contacts: Cα atoms or Cβ atoms for each
of the cases above. As upper bound of the restraint we
used directly the distance cut-off, while for the lower
bound value we used distance statistics derived from the
PDB database. We proceeded by plotting the distance dis-
tribution for all Cα or Cβ atoms and then choosing as our
lower cutoff the value of the 90th percentile of the distri-
bution.
Distance Geometry
The distance geometry procedure in TINKER is an
implementation of the established distance geometry
algorithms used for NMR protein structure determina-
tion, see [20]. Crippen and Havel proposed the EMBED
algorithm consisting of three steps: bounds smoothing,
embedding and regularization (coordinate refinement).
The bounds smoothing is the procedure by which the ini-
tial sparse set of distance restraints is extended to obtain
a full set of distance ranges for all pairs of atoms. This is
achieved by means of the triangle inequality starting from
the distances of known pairs. Once distance restraints are
found for all pairs one only needs to select at random a
particular value from within the restraints. There are sev-
eral strategies for this selection [40], the most effective
one is metrization. To perform metrization one proceeds
starting at a random atom, choosing distances for it and
then readjusting the whole matrix through the triangle
inequality procedure. By doing this for all atoms the
result is a sampled distance matrix where the triangle
inequality is fulfilled or in other words a metric matrix.
Once we have a distance matrix of exact distances for all
pair of atoms a very good approximation of the 3-dimen-
sional embedding can be obtained through the 3 largest
eigenvalues of a certain transformation of the distance
matrix. The result of the embedding is a good solution to
the given distance restraints, however the geometry of
the molecule is still not good enough especially with
regards to the bond distances and angles. Thus the need
for a final regularization step consisting in the minimiza-
tion of an error function of the restraint violations usually
done through simulated annealing.
Data set
In the selection of the data set we aimed at covering a
diverse set of structures to ensure generality of the results
obtained. We used a non-redundant PDB dataset of 60
proteins selected from SCOP release 1.73 [41]. Only
monomeric, monodomain proteins from the four main
SCOP classes and from highly populated folds are cho-
sen. All proteins have resolutions better than 3.0Å, R-fac-
tor lower than 0.3 as well as no missing or ambiguous
conformational data. A subset of 12 proteins, three per
SCOP class, is selected from the dataset as used by Sathy-
apriya et al. [30]. From each group of 3 proteins, two fall
in the size range of 100 - 120 amino acids and the third is
three times as big as the other two. The PDB codes of the
subset of proteins are given in Table 1.
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ABSTRACT
Summary: Contact maps are a valuable visualization tool in
structural biology. They are a convenient way to display proteins
in two dimensions and to quickly identify structural features such
as domain architecture, secondary structure and contact clusters.
We developed a tool called CMView which integrates rich contact
map analysis with 3D visualization using PyMol. Our tool provides
functions for contact map calculation from structure, basic editing,
visualization in contact map and 3D space and structural comparison
with different built-in alignment methods. A unique feature is
the interactive reﬁnement of structural alignments based on user
selected substructures.
Availability: CMView is freely available for Linux, Windows
and MacOS. The software and a comprehensive manual can
be downloaded from http://www.bioinformatics.org/cmview/. The
source code is licensed under the GNU General Public License.
Contact: lappe@molgen.mpg.de, stehr@molgen.mpg.de
Received on December 22, 2010; revised on March 2, 2011;
accepted on March 27, 2011
1 INTRODUCTION
The tertiary structure of a protein is determined by non-covalent
residue interactions. An all-atom distance map is a lossless
representation of the 3D coordinates (save chirality). Distance data
can be further reduced to a binary residue contact map while still
allowing complete reconstructions within 2Å RMSD (Duarte et al.,
2010). The native fold is retained in reconstructions using sparse
subsets comprising as low as 10% of native contacts (Sathyapriya
et al., 2009). Contact maps are a convenient way to highlight
structural features like domain architecture, secondary structure
and contact clusters and they display unique information about
the sequence separation of contacting residues which is not easily
visible in 3D representations. The study of contact maps has been a
valuable source of insight in experimental and computational protein
structure analysis. They have for example been used to measure
the dissimilarity of structures (Caprara et al., 2004), to analyze
protein–protein interaction patterns (de Melo et al., 2007) and to
study protein folding (Vendruscolo and Domany, 2000). Here we
present a tool which combines the strengths of contact map and 3D
visualization for protein analysis.
∗To whom correspondence should be addressed.
CMView implements several new features while seamlessly
combining the functionality of different contact map visualization
programs already developed. Among those, Structer+Dotter
(Sonnhammer and Wooton, 1998) contains modules for the
generation (Structer) and simple visualization (Dotter) of distance
maps and contact maps from PDB ﬁles. SeqX (Biro and Fordos,
2005) integrates frequency counts of residue combinations. With
Protmap2D (Pietal et al., 2007) and Con-StructMap (Chung et al.,
2007) contact maps of two conformations can be compared side-by-
side.Con-StructMap also allows to compare non-sequence-identical
proteins by loading an alignment from a ﬁle.
2 CMVIEW FEATURES
CMView is a stand-alone Java application for interactive
visualization, analysis and manipulation of protein contact maps.
It integrates protein analysis in contact map and 3D space via an
interface to the molecular viewer PyMol (DeLano, 2002). CMView
is open source software licensed under the GNU General Public
License (GPL). It is available for Mac OS X, Linux, Windows and
other platforms supporting Java 6.
Contact information can be read from various sources and ﬁle
formats (PDB, CASP TS, CASP RR, native CSV) either from local
ﬁles or directly from the PDBwebsite. The contact deﬁnition can be
speciﬁed in terms of contact type (all-atom, C-α, C-β) and contact
threshold (distance cutoff in Å). The main application window
(Fig. 1, right) shows the contact map and the various menu options
for editing and analysis. If 3D coordinates are provided, the structure
will be shown in a separate PyMol window (Fig. 1, left), making the
full set of advanced visualization features of PyMol available. Any
selection of (several) contacts can be exported as a corresponding
PyMOL selection. In addition, the two views are intimately linked:
the current residue pair underneath the crosshair in the 2D map
is continuously displayed as an edge annotated with the euclidian
distance in the 3D scene. The distance map, contact density and
triangle inequality relations (here called common neighborhoods)
are available as colored overlays in the contact map window.
2.1 Selecting, editing and export
CMView offers various functions to manipulate the contact map.
Contacts can be selected individually or by using rectangle select, ﬁll
select, diagonal select and neighbor select tools that resemble similar
functions known from graphics applications. Entire sets of contacts
can be deleted or highlighted in different colors and exported to the
© The Author 2011. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oup.com 1573
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Fig. 1. Screenshot of CMView: 3D structure (grey backbone, left), contact
map (C-α 8Å, upper right) and distance map (lower right) of Ribosomal
Protein L30 (PDB code 1bxyA). Contacts within the n-terminal α-helix and
subsequent turn are shown in blue. The contact sphere denoting the distance
cutoff (here 8Å) is displayed for residue LYS5 along with its contacts in red.
C-α positions are indicated as grey spheres.
3D structure. The option to toggle individual contacts gives full user
control in editing the map.
As an additional feature, CMView implements the Cone-Peeling
Algorithm (Sathyapriya et al., 2009), which computes a fast
approximation of an essential subset of contacts sufﬁcient to
maintain the native fold when reconstructing the 3D structure using
distance geometry. Export options include text ﬁles in CASP RR or
native CSV format for further processing. The map visualization,
including highlighted contacts, can be exported as a PNG image.
2.2 Pairwise comparison
A key feature of CMView is the pairwise structural comparison of
two proteins or conformations. For this purpose, a second structure
can be loaded and aligned via one of the following methods:
Needleman-Wunsch sequence alignment (Moustafa, 2007), SADP
contact-based structural alignment (Jain and Lappe, 2007) or Dali
structural alignment (Holm and Sander, 1995). The comparison
view allows quick identiﬁcation of shared and unique contacts.
Common contacts are shown in black and contacts that are unique
to one structure are shown in pink (for the ﬁrst structure, e.g. a
predicted structure) and green (for the second structure, e.g. the
native structure). The two structures are also superimposed in the
PyMol window, doing a best ﬁt on the residues that are in contact
in both structures. The 3D alignment can be interactively reﬁned by
selecting contacts and recalculating the superposition based on this
subset. This feature allows the comparison of different alignments
based on shared substructures in cases where a global rigid-body
alignment is not optimal. To our knowledge, CMView is the only
application that allows such an alignment of substructures in an
interactive fashion.
3 CONCLUSION
CMView combines the strengths of rich contact map analysis with
traditional 3D visualization in a single application. As a tool for
contact map generation, modiﬁcation and analysis it is the most
feature complete application to date. Special emphasis has been
put on integrating tools for the analysis of secondary structure
interaction patterns and for the pairwise comparison of structural
models or related proteins. In particular, structural alignments can
be interactively reﬁned based on different subsets of shared contacts.
The real-time link of the current position in the 2D contact map
with highlighting the corresponding residue pair in the structure
provides a combined ’2D/3D-cursor’. This offers a more intuitive
approach to explore the relationships between contact patterns and
protein structure. These unique features make CMView a valuable
tool for structural analysis, proteinmodeling, assessment of structure
predictions and education in structural biology.
4 FUTURE DIRECTIONS
Future work will include full integration of a reconstruction engine
to transform modiﬁed contact maps back into 3D structures. This
will allow CMView to be used as an interactive, contact-based
protein modeling tool. An experimental command line tool called
’reconstruct’ which allows such 3D reconstructions via an interface
to a distance geometry package is already available for download
from the CMView website. Preview snapshots of future versions
will be available from the authors upon request.
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